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CHAPTER 1 

Introduction 

 

1.1 Overview 

The cause is hidden, the result is known.1 These words in Ovid’s Methamorphoses (Book IV, 287) 

may well be the most succinct way to express human fascination and struggles with causal inference. 

Science as a whole may be defined by the need to organize knowledge around causal explanations 

and testable predictions. In fact, economics – the science that studies human behaviour under infinite 

needs and finite resources (Robbins, 1932) – has engaged with the challenge of identifying causal 

relationships from its inception: Adam Smith’s famous “Wealth of Nations” aims from its title to be 

“an Inquiry into the Nature and Causes” of wealth (Smith, 1776).  

 

Today most economic studies make use of econometric and statistical inference to make causal 

claims, or assertions that invoke causal relationships between variables (Pearl, 2004)—for example 

that a certain policy or intervention has a given effect. However, such causal claims may be the target 

for criticism due to several potential biases in the empirical strategy used (White and Bamberger, 

2008). This has given rise to a new generation of studies focusing on experimental designs, also 

known as randomized control trials (RCTs), which are arguably less affected by these biases than 

observational studies. Randomized controlled trials randomize the assignment of a certain 

“treatment” – be it a policy, a medicine, or a simple nudge – and compare outcomes after a certain 

time with respect to a “control” group. If properly done, it is argued that given a sufficiently large 

sample, and given that assignment is random, the difference in outcomes measured in RCTs must be 

attributed to the intervention. However, it is not always possible to randomize. RCTs, for example, 

can hardly be used to study Marco-interventions in the economy, such as the privatization of 

healthcare, or to gauge the socio-economic impact of access to credit (except when credit markets are 

absent ex-ante). Thus, there is a need for other methods that do not rely on randomization to conduct 

causal inference. In fact, these so-called non-experimental designs still represent a large share of the 

empirical work in economics (Athey and Imbens, 2017).  

 

This thesis investigates such non-experimental methods in various settings, focusing on how biases 

can be minimized. It starts at the macro level, considering the impact of national level policy. Next, 

                                                   
1 Translated from the original Latin: “Causa latet, vis est notissima”  
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it zooms in at the household level, investigating the impact of microfinance programs on households. 

Finally, it looks at the individual level, investigating how individual perceptions and behaviour can 

result in biases. 

 

Although each chapter functions as an independent contribution to the literature, answering its own 

specific research question(s), they all follow the same idea. Despite many scientists believing that 

randomization is virtually the only way to (convincingly) establish a causal relationship (Imbens and 

Wooldridge, 2009), methods not relying on randomization can also (convincingly) establish a causal 

relationship. The findings in this thesis contribute to the literature on impact evaluation using non-

experimental designs. They put bias – and bias reduction – back at the centre of the debate on causal 

inference, emphasizing the need for continued interest and improvement of non-experimental designs 

as a fundamental alternative to randomized designs. 

 

1.2 Impact evaluation 

What is an impact evaluation and what can it be used for? According to the International Initiative 

for Impact Evaluation (3ie), a (rigorous) impact evaluation is defined as:  

 

‘analyses that measure the net change in outcomes for a particular group of people that can be 

attributed to a specific program using the best methodology available, feasible and appropriate to 

the evaluation question that is being investigated and to the specific context’ (3ie, 2012). 

 

Following this definition, impact evaluation can help answer key questions about interventions: what 

works, what does not, where, why and how much? The most important objective of a rigorous impact 

evaluation is the robust estimation of causal effects that can be attributed to the program, and nothing 

but the program (Stockmann and Meyer, 2016). This purpose of rigorous impact evaluation puts the 

question forward about what is meant by ‘causal effect’. Following Rubin (1974), the causal effect is 

defined as the difference in an outcome Y between a unit having been exposed to treatment and the 

same unit (under the same conditions) having not received the treatment. That is, we are interested in 

the factual and counterfactual state of a research unit. However, we are not able to observe the same 

unit in both conditions at the same time. This problem is known as the fundamental evaluation 

problem (Heckman and Smith, 1995), and a critical difference between a reliable and unreliable 

impact evaluation is how well the chosen evaluation design measure the counterfactual (Karlan and 

Goldberg, 2007).  
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1.2.1 Randomized versus non-randomized 

How to determine the counterfactual is the core of evaluation design (Baker, 2000). The 

methodologies to accomplish this generally fall into two categories, based on how the assignment to 

the treatment and control group is conducted, randomized (experimental) and non-randomized (non-

experimental).  Netting out the program impact from the counterfactual conditions can be difficult, 

as it can be affected by a variety of biases. i.e. results of problems in the evaluation or sampling design 

that leads to the impact estimate to deviate from its true value (3ie, 2012). RCTs (or experimental 

designs) are seen as the gold standard for drawing inference about the effect of an intervention (Athey 

and Imbens, 2017), as they are considered to have the highest degree of internal validity (study 

design). That is, they are considered the most robust of the evaluation methodologies. The random 

assignment process, in theory, generates the perfect counterfactual, free from bias; given a large 

enough sample size. RCTs are a prospective (ex ante) evaluation design as the treatment and control 

group are selected in advance of the intervention (Karlan and Goldberg, 2007). 

 

Despite its status as the gold standard, there are still several problems associated with running an 

RCT. First, ethical reasons might render randomization unfeasible. For example, how can it be 

justified that certain individuals are assigned to treatment while other are excluded from a possible 

positive treatment (Imbens, 2009). It is possible to address this problem, however, by bringing the 

control group into the intervention at a later stage. The randomization thus decides when an individual 

receives the treatment, and not if they receive it. Second, it can be difficult for political reasons to 

implement an intervention to one group, but not to another. Third, the scope of the intervention might 

be too broad such that an appropriate counterfactual is not available. This is specially the case when 

considering macro-interventions such as healthcare privatisations. Fourth, true randomization might 

be difficult to achieve. In practice, many studies fail to accurately describe their assignment process 

(Camfield and Duvendack, 2014). It is suspected that pseudo-random methods are often applied for 

determining the treatment and control group (Goldarce, 2008). Sixth, RCTs, while having a high 

degree of internal validity, often lack external validity. That is, the generalizability of the results to a 

larger population (Rothwell, 2005; Lavrakas, 2008). As the ideal conditions required for RCTs 

virtually never hold (Deaton 2010), outcomes differ both between and within countries. Despite the 

problems with external validity, many recent papers in economics using a randomized design, do not 

deal with problems related to external validity (Peters et al., 2016). Finally, while the assumptions 

required for an RCT to be unbiased are attractive, unbiasedness alone cannot justify the preference 

for RCTs over other estimators. It might often be desirable to trade in some unbiasedness for greater 
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precision. That is, is it might be better to have an estimator that is always near to the target, but might 

be a little of centre, rather than having an estimator that is nearly always wide of the target (Deaton 

and Cartwright, 2017). 

 

RCTs are not always feasible for various reasons, as outlined above. It is therefore very important to 

investigate which non-experimental methods can then be used. Non-random methods can then be 

used as an alternative to randomized designs. Non-random methods aim to generate a control group 

that resembles the treatment group, at least based on observable characteristics. This is accomplished 

using econometric methodologies such as matching methods and double difference methods among 

others (both which will be discussed in later sections). They rely on including control variables to 

control for differences between the treatment and control group. These designs can be either 

prospective (like an RCT), where the treatment and control group is selected prior to the intervention, 

though in a non-random manner, or retrospective, where a control group is identified after the 

intervention. Identifying the control group after the intervention is for example seen in microfinance, 

where evaluators may want to evaluate ongoing projects (See chapter 4 of this thesis, or White 

(2014)).  

 

What makes an impact evaluation expensive is the primary data collection. Non-experimental designs 

have the advantage that a primary data collection is not always needed if secondary data is available, 

thus making them a cheaper and faster alternative than their experimental counterpart. Additionally, 

non-experimental designs are also possible to implement after a program has started. Ethical and 

political considerations about who should receive the intervention are also less relevant, as the 

intervention already took place before the impact evaluation started. The primary disadvantage of 

non-randomized studies lies with the reduced reliability of the results as the methodologies are less 

robust statistically. That is, they are prone to different statistical biases, which arise when using a 

non-experimental methodology. It is the objective of these methods to overcome the different types 

of biases in the best possible way. When done correctly, non-experimental research can make a 

tremendous contribution to the literature (Reio Jr, 2016). 

 

1.3 Statistical biases 

The definition of impact evaluation listed above, states that the context and the questions being 

investigated are important conditions for what methodology is the best available. What it does not 

mention is bias. Bias, which is more likely to arise when the best method available is non-

http://www.emeraldinsight.com/author/Reio%2C+Thomas+G+Jr
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experimental. Statistical biases can arise in many situation e.g. when the sampling process is non-

random (self-selection bias), when placement of the intervention is non-random (program placement 

bias), when observations from the treatment and/or control group drop out during the intervention 

(attrition bias), or when survey respondents answer in a way that will be viewed favourably by others 

(social desirability bias). Any of these biases will leave any estimate of the intervention effect invalid, 

as the model estimating the effect of the intervention would be subject to endogeneity bias.2,3  

 

1.3.1 Selection bias 

The main challenge for alternative methods relying on observational data is the problem of selection 

bias (Lensink, 2014). The problem of self-selection arises when individuals tend to select themselves 

in a certain state, like treated vs not treated (Angrist et al., 1996), given economic or other, usually 

observed characteristics. In a randomized setting, this problem is solved by generating a control group 

who were randomly chosen to not participate in the intervention. In a non-randomized setting, the 

chosen methodology approaches this by attempting to model the selection process to come up with 

an unbiased estimate of the intervention effect using observational data. The idea is by holding the 

selection process constant, a comparison between the participants and non-participants can be made. 

Overall, finding a proper comparison group is difficult. For example, in microfinance, it can be 

difficult to find a comparison group of non-participants who are similar to the participants. The non-

participants should have the same (unobserved) determination, ability and entrepreneurial spirit that 

lead the participants to join the program in the first place. Impact evaluation that compares 

participants, who has this determination, ability and entrepreneurial spirit, to non-participants are 

likely to overestimate the impact of the program. The extent of this over (or under) estimation is then 

the selection bias which biases the program estimate (Karlan and Goldberg, 2007). Another example 

relates to macro-economic interventions, where policy makers across different countries decide 

whether to privatize healthcare or not. Directly comparing countries who went for such a reform to 

countries that did not, would lead to a biased estimate of the impact of this reform, as the decision to 

privatize was not random.   

 

 

 

                                                   
2 That is, our regressor, Ti , representing the effect of the intervention would be correlated with the error term, 𝜖𝑖 in the following 

regression equation: 𝑌𝑖 =  𝛽0 + 𝛽1𝑇𝑖 + 𝜖𝑖. Where 𝑌𝑖 is the dependent variable representing some outcome of the intervention. 
3 Each of these sources of endogeneity bias can be shown to a special case of relevant omitted variable bias (Ruud, 2000; 

Wooldridge, 2002).  
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1.3.2 Program placement bias 

A related issue to self-selection bias is program placement bias. It occurs when an area with the 

intervention is compared to an area without the intervention. As most interventions are targeted, it is 

not likely that the two areas would be similar. It is likely that the physical, economic and social 

environment of the non-participant group would not match that of the participation group in such a 

case and therefore results in bias. In an RCT, the randomization would have secured a balanced 

participant and non-participant group in terms of these characteristics, and thus successfully reduces 

the bias. In observational studies, the bias has to be modelled, similarly to the case with self-selection 

bias, so that a comparison of the participants and non-participants in the different areas can be made. 

The problem of program placement bias can be illustrated for example when microfinance institutes 

choose where to operate. They choose where to operate for a reason. They may target poorer villages, 

or may start only accepting clients who are better off before they expand to lower their risk. The bias 

resulting from this can go both ways depending on whether the comparison area is better or worse 

off than the area where the intervention is taking place.  

 

1.3.3 Attrition bias 

Attrition bias is a type of selection bias, caused by a drop out of participants, affecting both the 

internal validity and the external validity of an evaluation (Jüne and Egger, 2005). Unlike Self-

selection bias and program placement bias, an experimental design would not solve for this type of 

bias. It is thus a bias that is relevant for experimental as well as non-experimental designs. Dropouts 

from an intervention does not in itself cause bias as long as the dropouts are random. If the dropouts 

among the treatment and comparison group are purely random, then the follow-up survey will still 

represent the same population as in the baseline survey (Baker, 2000). However, if the dropout pattern 

is not random, and participants with certain characteristics are more likely to drop out, then attrition 

bias will be a problem. Dropouts change the composition of the treatment and comparison group, thus 

influencing the results of the intervention, leading to an over or underestimation of impact of the 

intervention (Blundell and Costa Dias, 2008). For example, participants in a microfinance program 

may exit the program prematurely, and the estimation of the impact can be biased in either direction. 

The direction of the bias depends on the reason for the participants of the microfinance program to 

drop out. Dropouts, who tend to be worse off than average, would overstate the impact of the 
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intervention, while dropouts, who tend to better off than average, would understate the impact of the 

intervention.4  

 

One way of managing attrition is by tracking down the dropouts. However, this is rarely done in 

practice, as it is very costly and time consuming (Duflo et al., 2008). It is more important for the 

impact evaluation to report the level of attrition, and compare the dropout with participants who 

remained in the program in terms of observable characteristics to assess whether there are any 

systematic differences between the two groups.  

 

1.3.4 Social desirability bias 

If there is any incentive to lie, survey responds are likely to be biased in whichever direction serves 

the interest of the respondent (Singer and Ye, 2013). When surveys are applied for collecting data, 

respondents may not answer some questions truthfully. This is specially the case for questions on 

sensitive topics. Questions can be seen as sensitive if they are perceived as interfering with private 

matters, if their raise fear with the respondent about potential repercussions of disclosing the 

information, or they raise social desirability concerns (Tourangeau and Yan, 2007; Kreuter et al., 

2009). Social desirability concerns lays on the thoughts that there are social standards representing a 

few practices and states of mind and that individuals may distort themselves to seem to follow these 

standards. Thus, survey respondents may answer sensitive questions in a manner that others would 

view them favourable to adhere to the underlying social norms (Nederhof, 1986). This can both be 

over-reporting ‘good’ behaviour as well as under-reporting undesirable behaviour. There is therefore 

a discrepancy between the actions of the respondents and their survey response. This discrepancy 

results in a (social desirability) bias, which like other types of response biases, can have a large impact 

on the validity of questionnaires and survey, and subsequently the impact evaluation (Furnham, 1986; 

Nederhof, 1986; van der Mortel, 2008). For example, social desirability bias could play a role in voter 

turnout reports, where surveys often overestimate voter turnout at elections (Holbrook and Krosnick, 

2010). Voting is seen as a democratic duty, and not voting violates this social norm. The bias could 

also play a role in microfinance, where respondents, self-report their loan use to the microfinance 

institute (See chapter 4 of this thesis). They are likely to state a social desirable use of their loan 

proceedings, such that their loan eligibility is not affected negatively. Chapter 5 of this thesis, 

investigates social desirability bias for the support for Farmers’ Market Organizations (FMOs) in 

                                                   
4 Given the sparse evidence that is available to distinguish between the two types of participants that exits the programs prematurely, 

the most likely type of participants dropping out are the ones who tend to be worse off on average (Karlan and Goldberg, 2007).  
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rural Ethiopia. Farmers may feel social pressure to express positive opinions concerning the FMOs, 

which is not in line with their actions.  

 

1.4 Research objectives 

The overreaching objective of this thesis is to study the impact of interventions using non-

experimental techniques, studying biases, and how these methods can adequately reduce bias, and 

serve as a valid alternative to experimental designs. 

 

The chapters individually address the following research questions: 

Chapter 2: Do healthcare financing reforms reduce total healthcare expenditures? 

Chapter 3: Do microfinance loans improve the wellbeing of its recipients in Bolivia? 

Chapter 4: Do microfinance loans improve the wellbeing of its recipients in Ghana? 

Chapter 5: Does social pressure and/or opportunistic behaviour influence revealed support for 

Farmers’ Market Organizations? 

 

Each of these chapters consider a different setting, starting at the macro level, and then gradually 

zooming in to the individual level. The impact evaluation of healthcare financing reforms in chapter 

2 uses macro level data from OECD countries. It addresses the self-selection bias that is present when 

national governments decide to conduct a healthcare financing reform. Chapter 3 then zooms to the 

household level, evaluating the impact of microfinance loans from a Bolivian microfinance institute. 

Similarly, chapter 4 uses household level data to assess the impact of a microfinance organization in 

Ghana. Although chapter 3 and 4 both consider the impact of microfinance programs, the settings are 

different. Chapter 3 considers a situation where the expansion plans of the microfinance institute can 

be applied to help drawing causal inference, whereas chapter 4 considers a scenario where the project 

to be evaluated is already started, and thus the impact evaluation has to be conducted in the absence 

of a baseline. Chapter 3 and chapter 4, each present a method to reduce the selection bias and program 

placement bias that is present. In an attempt to explain the results of the impact evaluation, chapter 4 

investigates the effect of social desirable behaviour on the reported loan use of the household’s 

microfinance loan. This analyses of social desirable behaviour in chapter 4, sets the connection to 

chapter 5, where we zoom into the individual level, investigating how bias resulting from social 

desirable and opportunistic behaviour affects the revealed support for FMOs. The study of social 

desirability bias in chapter 5 spawns from another impact evaluation, assessing the impact of the 
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presence of such FMOs, which was part of the joint MFSII evaluation for Ethiopia.5 Hence, the 

common theme across all the chapters is bias and bias reduction, when applying non-experimental 

designs. The next section outlines the (non-experimental) methodologies applied in each of the 

chapters.  

 

1.5 Methodology 

1.5.1 Honourable mentions 

In economics, researchers use an array of different strategies when attempting to identify the causal 

effect of an intervention using observational data. Such identification strategies (Angrist and Kruger, 

1999), all try to reduce biases introduced when using non-experimental designs. While there are many 

more identification strategies available, all having their own merits. This thesis only considers the 

application of a few of these identification strategies, thus other (very influential) methodologies 

remain untouched. Some of the methods we do not discuss include two quasi-experimental 

approaches, namely instrumental variable methods and regression discontinuity designs, and a 

relatively novel non-experimental approach: synthetic control methods. The literature on instrumental 

variables is very voluminous, and for reviews on this literature see Imbens (2014), and Chamberlain 

and Imbens (2004), with the former focusing on the part of the literature concerning heterogeneous 

treatment effect, and the latter contributing to the literature on weak instruments. The IV approach is 

not applied in this thesis due to the lack of proper external instruments. The regression discontinuity 

approach, despite dating back to the 1950s with the work of Thistlewaite Campbell (1960) in the field 

of psychology, did not enter the economics literature before the turn to the 21st century. The literature 

has since been reviewed in detail by Imbens and Lemieux (2008), and more recently in Skovron and 

Titiunik (2015). One of the main conditions for applying a regression discontinuity design, is the 

existence of a forcing variable. That is, a variable which determines whether an observation belongs 

to the treatment or control group. The settings discussed in this thesis were not applicable for a 

regression discontinuity design. The synthetic control method, develop by Abadie et al. (2010, 2014), 

and Abadie and Gardeazabal (2003), represents one of the most important development in the 

literature of policy evaluation in the 21st century. Despite its status as a relatively new and interesting 

methodology, the settings considered in thesis has not been directly applicable for the synthetic 

                                                   
5 MFS II is the 2011-2015 grant framework of the Dutch Ministry of Foreign Affairs for Dutch NGOs, which is directed at achieving 

a sustainable reduction in poverty (Joint MFSII Evaluation for Ethiopia, n.d.).  
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control method to be applied.6 However, it would be interesting in future work to consider application 

of this methodology.   

 

1.5.2 Propensity Score Matching 

Every econometric evaluation study has to overcome the fundamental evaluation problem and need 

to address possible existence of selection bias. We are interested in knowing the participants’ outcome 

with and without the treatment. However, we are not able to observe both outcomes for the same 

participant at the same time. As an approximation, the mean outcome of nonparticipants could be 

used. This is not advisable, however, as the participants and nonparticipants usually differ even 

without the treatment (selection bias). The matching approach or more specifically, the propensity 

score matching approach is one possible solution to the problem of selection. The basic idea is to find 

nonparticipants who are similar on relevant pre-treatment characteristics. Doing this, differences in 

outcomes between the participants and this adequately selected group of nonparticipants can be 

attributed to the intervention. Matching on all relevant characteristics is difficult when the set of 

covariates is large (curse of dimensionality), and thus Rosenbaum and Rubin (1983b) suggested to 

use a balancing score, which is a function of all the relevant observable characteristics, thereby 

reducing the dimensionality, and making matching possible. The propensity score is one of such 

balancing scores, which is the conditional probability of receiving the treatment given set of 

observable characteristics. Matching which applies this score is known as propensity score matching 

(PSM).        

 

Propensity score matching is a widely used method for estimating program impacts (Imbens and 

Wooldridge, 2009). However, despite the literature on propensity score matching being mature, there 

are still some interesting application to be considered, as shown in this thesis. PSM is applied in 

chapter 2 in the context of estimating the impact of healthcare privatizations on a macroeconomic 

scale. Chapter 3 applies the propensity score as a tool in forecasting the composition of future clients 

and non-clients in the case of a future expansion of a microfinance program in Bolivia. Chapter 4 

applies the propensity score in combination with a double difference methodology to estimate the 

impact of an ongoing microcredit program in Ghana.  

 

                                                   
6 To apply synthetic control method two main identifying conditions have to be fulfilled: First, the treated observation is featured 

with enough pre- as well as post treatment periods without the treatment. Second, there is an adequate donor pool of observations 

with the treatment in the complete period from which the synthetic control can be constructed (see. E.g. Kreif et al. 2016).   
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The key assumption for identification of the PSM estimator is unconfoundedness, introduced by 

Rosenbaum and Rubin (1983b). This assumption requires that all factors correlated with both the 

potential outcome, and with the assignment to the treatment are observed. This implies that once 

controlling for these observable characteristics, the treatment is as good as randomly assigned. Under 

this assumption, causal interpretation can then be made of the average difference between the group 

of participants and the group of nonparticipants for the same value of the covariates. Additionally, 

Imbens (2004) shows that if potential outcomes are independent conditional on the set of covariates, 

they are also independent of treatment conditional on the propensity score, i.e. the probability of 

receiving the treatment. That is, all biases due to observable covariates can be removed by 

conditioning on the propensity score. Estimation of the propensity score can be conducted via 

estimation of a discrete choice model such as logit or probit model.    

 

An additional assumption when applying PSM is the common support or overlap assumption. The 

condition implies, that the distribution of the estimated propensity score for the group of 

nonparticipants completely overlaps the one of the group of participants. It ensures that participants 

with the same estimated propensity score have a non-zero probability of being both groups. That is, 

the common support condition makes it certain that any combination of the observable characteristics 

found in the group of participants can also be found in the group of nonparticipants (Bryson et al., 

2002). By restricting the matching to the common support, we avoid comparing the incomparable by 

dropping a subset of the group of nonparticipants who are not comparable to the group of participants. 

Combining this with the unconfoundedness assumption, the PSM estimator is the mean difference in 

outcomes over the identified common support, where observations are weighted by the conditional 

probability of receiving the treatment. 

 

1.5.3 Difference-in-Difference 

In the events that selection characteristics are known and observed they can be controlled for to reduce 

the bias by utilizing a variety of non-experimental techniques. One such method is propensity score 

matching as explained above. However, if selection characteristics cannot be observed - be 

entrepreneurial spirit or motivation in the context of microfinance – then the exclusion of these 

variables will result in an omitted variable bias in the form of selection bias. If, on the other hand, 
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these unobserved characteristics are time invariant, then their influence can be removed via a 

difference-in-difference (or double difference) procedure, and thus reduce selection bias.7  

 

Difference-in-difference methods have been an important part of the toolkit for empirical researchers 

since the early 1990s (Athey and Imbens, 2017). Difference-in-difference methods are typically 

applied when some groups like villages or geographical areas experience a treatment, such as the 

introduction of a microcredit loans in their area, while other areas do not. The selection of the 

treatment and comparison group is not necessarily random, and outcomes are not necessarily the same 

across the two groups in absence of the treatment. The difference-in-difference estimator produces a 

credible estimate of the program impact by comparing a treatment and comparison group (first 

difference) before and after the program (second difference). The underlying assumption of this 

estimator is that the change in the outcome over time for the comparison group is informative about 

what the change would have been for the treatment group had the treatment been absent. With this 

assumption, the average treatment effect can be calculated as the difference between the change in 

average outcomes over time for the treatment group, minus the change in average outcomes over time 

for the comparison group.  

 

The thesis considers different application of the difference-in-difference methodology. Chapter 3 of 

this thesis deviates from the normal difference-in-difference setup by estimating a difference-in-

difference model in space rather than in time, following the work of Coleman (1999). His approach 

builds on the application of a unique survey design, controlling for selection bias by forming a 

comparison group out of prospective microfinance clients who signed up a year in advance to 

participate in a village bank program. Chapter 3 extends this methodology, by forecasting potential 

clients from an area the microfinance institute would expand to in the future. Chapter 4 combines a 

difference-in-difference estimator with PSM in the sense that the propensity score is applied to define 

a common support from which a difference-in-difference estimation is conducted, thereby ensuring 

that the comparison group is similar to the treatment group.  

 

1.5.4 List experiments 

Researchers in the field of social science have developed a variety of techniques to obtain truthful 

responses to sensitive questions. One of such methods is the list experiment (also known as the item 

                                                   
7 This is also known as the parallel trend assumption. It states that the unobserved heterogeneity does not change over time. Or if it 

changes over time, then it would change the same for both the treatment and comparison group.  
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count or unmatched count technique). First introduced by Raghavarao and Federer (1979), it is a 

technique to increase the number of true answers to sensitive questions through anonymity. The 

technique yields the proportion of respondents that (dis)agrees with the sensitive item. The technique 

is simply to apply, can be relatively easily implemented into a larger survey, and is reported by several 

studies to yield more accurate responses to sensitive questions compared to direct reporting 

(Holbrook and Krosnick, 2010; Tourangeau and Yan, 2007). The method is implemented by first 

randomly dividing the group of respondents into two equal sized groups. The first group of 

respondents then receive a short list of non-sensitive statements, and are asked to count how many 

(but not which) statements are true for them. The second group of the respond then receives the same 

list of non-sensitive statements plus one sensitive statement (the item of interest). By then subtracting 

the mean number of true statements reported in the first group from the mean number of true 

statements reported in the second group, the proportion of respondents that engages in the sensitive 

behaviour can be estimated. The proportion of respondents, who admitted to engage in the sensitive 

behaviour through the list experiment, can then be compared to the proportion of respondents who 

admitted to engage in the sensitive behaviour via direction questioning. The difference would then 

tell the proportion of people who are not telling the truth.  

 

The list experiment technique relies on three assumptions (Imai, 2011). First, that the sample of 

respondents are randomly divided into the two groups. This implies that potential and truthful 

responses are jointly independent of the treatment variable. Second, the addition of the sensitive 

statement does not change the sum of affirmative answers to the non-sensitive statements (known as 

no-design effect). Third, the respond to the sensitive item from the respondents is truthful (no liars). 

Furthermore, it is assumed that the respondents are not familiar with the mechanism behind the list 

experiment technique, and therefore do not consciously manipulate their answers. The list experiment 

approach as described above is applied in Chapter 4 of this thesis to assess the effect of social 

desirable behaviour on the reported loan use of the household’s microfinance loan in Ghana. A 

shortcoming of the list experiment technique is the lack of ability to control for multiple covariates 

at the same time. Thus, while being able to conduct the list experiment by subgroups, it was 

impossible to relate several respondents’ characteristics to their answers at the same time. Imai (2011) 

proposed a multivariate regression technique, solving this problem, which was then applied by Blair 

and Imai (2012). Chapter 5 of this thesis applies the approach by Blair and Imai (2012) to assess the 

effect of social desirable and opportunistic behaviour on the revealed support for FMOs in rural 

Ethiopia. 
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1.6 Outline  

Chapters are organized as follows. Chapter 2 looks at the impact of healthcare financing reforms on 

total healthcare expenditures for OECD countries. Chapter 3 evaluates the impact of a microfinance 

program in Bolivia by applying the expansion plans given by the institute to enable causal inference. 

Chapter 4 considers the evaluation of an ongoing microfinance program in Ghana. Chapter 4 

furthermore investigates the effect of social desirable behaviour on the reported loan use of the 

household’s microfinance loan to explain the results of the impact evaluation. Chapter 5 studies the 

effect of social desirable and opportunistic behaviour on the revealed support for FMOs in rural 

Ethiopia. Chapter 6 concludes. 
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CHAPTER 2 

Do Healthcare Financing Reforms Reduce Total Healthcare 

Expenditures? Evidence from OECD Countries 

 

 

 

 

Abstract 

Healthcare reforms have long been advocated as a cure to the increasing healthcare expenditures in 

advanced economies. Nevertheless, it has not been established whether such policies curb aggregate 

healthcare expenditures. To our knowledge, this chapter is the first that rigorously quantifies the 

impact of reforms that significantly increases (decreases) the private (public) share of healthcare 

financing on total healthcare expenditures relative to income in 20 OECD countries. Our reform 

measure is based on structural break testing of the private share of total expenditures, and verification 

using evidence of policy reforms. To quantify the causal effects of these reforms we apply modern 

policy evaluation techniques. The results show a cost saving which accumulated amounts to 0.45 

percentage points of GDP over 5 years. We show that the yearly effect of the reforms decreases in 

size as a function of time since the reform. The findings are robust to various sensitivity tests. 

 

 

 

 

 

 

 

 

 

 

 

 

Note: This chapter is based on the working paper of Eriksen, S, and Wiese, R., 2018. Do Healthcare 

Financing Reforms Reduce Total Healthcare Expenditures? Evidence from OECD Countries.  
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2.1 Introduction   

For decades, most developed economies have experienced a rapid increase in total Health Care 

Expenditures (HCE) relative to income. At the same time, the private share of HCE decreased (Fan 

and Savedoff 2014). In light of this ‘Health Financing Transition’ academics and policy-makers 

worried that the healthcare systems would become unsustainable (OECD 1987, Oxley and MacFarlan 

1995, Chernichovsky 1995). In an attempt to increase efficiency and curb expenditure increases 

countries introduced healthcare reforms. However it has not been established whether significant 

policy reforms that shifts healthcare financing from public to private entities curbs total healthcare 

expenditures relative to GDP, as we expect theoretically, see section 2. We aim to fill this gap in the 

literature, by quantitatively analysing the effect of Health Care Financing (HCF) reforms (i.e. 

privatisations) on total costs relative to GDP in developed economies in the short to medium run. 

 

To detect significant policy induced reforms we employ a methodology designed to identify structural 

reforms (Wiese 2014). First, structural break tests are applied to the private share of HCE to identify 

‘potential reforms’. Secondly, to qualify as a HCF reform the potential reform must be corroborated 

by evidence of an actual policy change. This ensures that the 23 analysed reforms are policy induced 

and makes a statistically significant positive (negative) impact on the private privately (publicly) 

financed share of HCE. That way, we avoid including reforms in our sample that did not 

fundamentally alter the institutional setup of the health care financing system.  
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Fig. 1. Total healthcare expenditures and the private share of total healthcare expenditures 

over time, and analysed reforms 

Note: It is important to stress that the objective of the analysed reforms were to curb health-spending growth relative to 

income growth. Privatisation was not the objective, but rather a policy tool (see for example Busse and Reisberg 2004, 

Glenngård et al. 2005). The vertical lines indicate policy induced upward structural breaks in the private share of 

healthcare spending.   

 

We estimate the effect of the reforms shown in fig. 1 on the change in total HCE as % of GDP in the 

following 5-years. Following a reform we observe a stagnating or a decreasing development of total 

HCE relative to income in the medium run for several countries, for example in France and Spain. It 

is very likely that the countries that undergo HCF reforms are the ones where there is a potential for 

cost savings. This implies selection into treatment, which will bias any standard OLS estimate of the 

effect of reforms on total HCE. Ideally we would like to know what would have happened to total 

HCE in the absence of a reform. As can be seen in fig.1 we have multiple observations in the sample 

of countries where no reform took place. Therefore, different estimators based on Propensity Score 

Matching (PSM) are applied. This allows identification of appropriate reform counterfactuals 

mitigating potential selection bias. The estimated effect of the reforms is of the magnitude 0.45 

percentage points of GDP saved over the five following years. Additionally we show that the 

estimated cost savings in the post-reform period are large in the first year(s) and almost continually 
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decreasing over time, approaching a zero-effect in the 5th year.  

 

We wish to bring to the reader’s attention that the analysed reforms may have adverse effects on total 

expenditures in the longer run. Perhaps through decreases in healthcare equality and population health 

as some authors suggest (Cutler 2002, Woodward and Kawachi 2000). Or, if the development of a 

private system to supplement the public system takes time and therefore migration to the private 

system happens with delay. We argue that both effects are behind the decreasing effect of reforms in 

the post-reform period, and that the analysed reform may result in a net increase in total HCE in the 

longer run. 

 

Section 2.2 discusses the background and related literature. In Section 2.3 the identification of HCF 

reforms is explained and the identified reforms are briefly discussed. Section 2.4 presents the 

estimation approach along with the data. Section 2.5 gives the main results, while section 2.6 

investigates the robustness of the results. Section 2.7 discuss the findings and concludes. 

  

2.2 Background and literature 

Most reforms with an expenditure-curbing objective can be categorized into the 2nd or the 3rd reform 

wave (Cutler 2002). These waves of healthcare reforms were introduced while maintaining the 

objective of universal coverage and equal access obtained in the 1st reform wave in the 1960’s and 

1970’s. The 2nd wave in the 1980’s-1990’s focused on the supply side by introducing cost controls, 

rationing and expenditure caps with the objective to limit or decrease public spending. However, such 

policy instruments only works, if the substitution effect to private financing is limited. That is, such 

initiatives will only be successful in lowering total expenditures if health consumers do not fully 

supplement the rationed publicly financed services with private substitutes. Also, decentralised 

management schemes were meant to incentivise local management to reduce over-utilisation whereby 

total HCE should decrease (Cutler 2002). 

 

The 3rd wave in the 1990’s-2000’s focused on the demand side through incentives and competition. 

Reforms mainly introduced/increased co-payments, like patients’ share of drug costs and user fees. 

Such reforms were mainly aimed at re-introducing the link between consumption and the individuals’ 

marginal cost of healthcare. With moral hazard present, these policies should reduce over-utilisation 

and hence reduce total costs (Zweifel and Manning 2000, Fan and Savedoff 2014). That is, incentivise 
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individuals to behave prudently health-wise and to use the system only when necessary. Conversely, 

other authors argue that total HCE relative to income increases as a result of private financing. For 

example, private insurance to cover user fees and co-payments brings new money into the system. 

Apart from bringing an element of competition to health financing, private insurers have less ability 

to apply the cost control measures that worked containing public expenditures, like spending caps 

and global budgeting. As a result, total HCE may increase (Colombo and Tapay 2004). 

 

Theoretically reforms that increase the private share of total HCF, either by limiting public 

expenditures or increasing private expenditures, have the potential to curb total expenditures, at least 

in the short to medium run. We analyse whether this effect is present following reforms belonging in 

the 2nd and 3rd reform wave. 

 

Many case studies have provided estimates of the expenditure-containing effect of reforms, at least 

in sub-sectors of the healthcare system (e.g. hospital care, general practitioner), including 

privatisation-type reforms, usually without quantifying the reductions in total/national health 

expenditures relative to GDP (e.g. Cutler 2002, Kampke 1998, Saltman and Figueras 1998, Tuohy et 

al. 2004, Wörz and Busse 2005). From a policy and societal perspective, it is important to know the 

extent to which a key goal of HCF reforms was achieved. 

 

Recent studies have gone some way in quantifying the effect on expenditures relative to GDP of 

reforms similar in type to the ones analysed in this chapter. At the individual country level, hospital-

financing reform is not found to have an effect on total HCE in Switzerland (Braendle and Colombier 

2016). Likewise, variation in co-payments in Sweden has no effect on the number physician visits 

(Jakobsen and Svenson 2016). Colombo and Tapay (2004) conclude that increased opportunity to 

take out private health insurance generally increases total HCE relative to GDP.   

 

In the literature on the determinants of HCE some studies analyse the effect of the private share level. 

These studies find limited (Leu 1986), or no effect (Hitiris and Posnett 1992). Xu et al. (2011) find 

no effect of whether healthcare is financed through taxes or out-of-pocket payments on total HCE 

relative to GDP. In sum, the quantitative empirical literature suggests a remarkably limited, if any, 

cost curbing effect of increases in the private share of HCF on total expenditures relative to income. 

In our view this warrants research as countries still pursue such reforms with the aims of containing 

expenditures and increasing efficiency. 
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2.3 Identifying HCF reforms 

2.3.1 Structural breaks 

We measure to what extent public and private funds finance healthcare. The ratio yit, the private share 

of HCE relative to total HCE (public + private) in country i at time t is used. Using data provided by 

the OECD, this ratio is calculated as: 𝑦𝑖𝑡 =
𝑝𝑟𝑖𝑣𝑎𝑡𝑒 𝑒𝑥𝑝𝑒𝑛𝑑𝑖𝑡𝑢𝑟𝑒 𝑖𝑡

𝑝𝑟𝑖𝑣𝑎𝑡𝑒 𝑒𝑥𝑝𝑒𝑛𝑑𝑖𝑡𝑢𝑟𝑒𝑖𝑡+𝑝𝑢𝑏𝑙𝑖𝑐 𝑒𝑥𝑝𝑒𝑛𝑑𝑖𝑡𝑢𝑟𝑒𝑖𝑡
. It can be 

interpreted as the percentage of private financing of total spending, as percentage of GDP, see fig. 1. 

Hence, we have a measure of private relative to public financing of heath care. Using the public share 

will yield an identical set of potential reforms. Table A1 in the appendix gives the summary statistics 

of the data used to identify potential reforms. 

 

Structural break testing is applied to identify significant shifts in the ratio. A structural break is a 

fundamental change in the Data Generating Process (DGP), for example due to an economic reform 

(Hansen 2001). We apply the Bai and Perron (B&P) -filter to identify structural breaks (Bai and 

Perron 1998, 2003). In order to define potential reforms in the context of the B&P-filter, consider a 

model with m possible structural breaks in an OLS framework that takes the form:  

                                                                  yt=δj+ut                              (t=1,...,T ,   j=1,…,m+1) 

  

Where yt is the dependent variable, in this case the time series of private share of total HCE for each 

country considered. δj is a vector of estimated coefficients (constants) of which there are m+1, so δj 

is the mean at the different segments of the time series yt. ut is the error term. The segments generate 

a stepwise linear route through the times series yt and give m structural breaks. The idea underlying 

the B&P-filter is straightforward. It generates the segmented route through the time series that yields 

the significantly lowest Sum of Squared Residuals (SSR) compared to a baseline SSR. The segments 

can be thought of as regimes where yt fluctuates around a constant mean δj. An upward regime shift 

is detected as a potential privatisation/cost-containment reform for which validation is required. A 

shift to a new regime is unlikely to happen by chance, dependent on the test-size employed. We 

employ a 5% significance level. Thus, a regime shift implies that the underlying DGP has been 

altered, generating a structural break.  

The minimum distance between breaks is restricted by the trimming parameter h, expressed in 

percentage of the sample size, h is determined by the researcher prior to the analysis. Here a trimming 
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of h=0.15 or h=0.2 is chosen (smaller samples call for larger trimming), because it generates the best 

fit with de jure evidence while still being econometrically sound. The trimming parameter implies 

that no potential reform can be identified at the beginning and end of each series. The appropriate 

observations are excluded in the estimations that follow to avoid identification error. A 

heteroskedasticity and autocorrelation consistent covariance matrix is used (Antoshin et al. 2008).  

3 general test procedures are possible when applying the filter, see Bai and Perron (1998, 2003):  

 

1. Compares the fit of global L breaks with the fit of a model with no breaks, and selects the highest 

number of breaks that are significant.  

2. Starts with a H0 of no break, and then sequentially test k vs. k+1 breaks until the test statistics is 

insignificant.  

3. Information criterion is used to select the optimal number of breaks.  

  

We apply all three. If at least two of them indicate an upward structural break in a given year it is 

taken as evidence of a potential reform. In cases where the timing of the break differs slightly the 

decision is based on graphical analysis. See the outcomes of the 3 procedures in table A2 in the 

appendix and our final set of potential reforms and sample periods in table 1.   

 

2.3.2 Healthcare reforms  

Structural breaks can be caused by factors other than policy-induced shift in the public share, for 

example exogenous shifts in consumer preferences, or relative price movements. Thus, the detected 

structural breaks need to be verified. Column 4 in table 1 below shows the reforms that can be 

verified, see table A3 in the appendix for details.  

 

To perform the verification the WHO’s and European Observatory on Health Systems and Policies 

“Healthcare Systems in Transition” country reports are employed. These reports are available for 

each country covering the sample period and contain descriptions of health policy reforms introduced 

over time. When a report describes a reform that could have had the objective to either reduce the 

public share of HCF, increase the private share of HCF, or both, it is taken as evidence of a de jure 

reform. A time lag is often present between the de jure reforms and their outcomes (Acemoglu et al. 

2006). In most cases the length of this lag is one year (see table A3 in the appendix). If more than 

two years passed between a policy change and a detected structural break, the potential reform is not 

coded as a verified reform.  



525243-L-bw-Eriksen525243-L-bw-Eriksen525243-L-bw-Eriksen525243-L-bw-Eriksen
Processed on: 19-10-2018Processed on: 19-10-2018Processed on: 19-10-2018Processed on: 19-10-2018 PDF page: 28PDF page: 28PDF page: 28PDF page: 28

DO HEALTHCARE FINANCING REFORMS REDUCE TOTAL HEALTHCARE 

EXPENDITURES? 
 

 

 

22 

 

 

 

Table 1: HCF reforms 

Country Sample 

period 

Potential reforms 

B&P-tests, 5% significance level 

Verified reforms  

Australia  1971-2011   

Austria 1960-2012 1967, 1989  1989 

Canada 1970-2012 1986, 1993 1986, 1993 

Denmark 1971-2012 1984, 1990 1984, 1990 

Finland 1960-2013 1993 1993 

France 1990-2012 2003 2003 

Germany 1970-2013 1983, 1998, 2004 1983, 1998, 2004 

Greece* 1987-2011 (1994) (1994) 

Iceland 1960-2013 1993 1993 

Ireland 1960-2012 1985  

Italy 1988-2013 1994 1994 

Japan 1960-2012   

Netherlands 1972-2013 1996 1996 

New Zealand 1970-2011 1990 1990 

Norway 1960-2013 1980, 1988 1988 

Portugal 1970-2011 1982, 2006 1982, 2006 

Spain 1960-2012 1995 1995 

Sweden 1970-2012 1985, 1992, 2001 1985, 1992, 2001 

Switzerland 1985-2012   

UK 1960-2012 1985, 1997 1985, 1997 

USA 1960-2012   

Total  26 23  

Belgium was excluded because the time series is too short to run the B&P-filter. * The reform in Greece is excluded 

from the analysis due to missing observations on covariates in the PSM model. 

 

The verified reforms can be characterized as policy-driven HCF privatisation/cost-containment 

reforms. These reforms either target the private (public) share of HCF from the supply side, the 

demand side, or both. Decentralization of financial authority with the objective to make local 

managers responsible for public spending and productivity are examples of supply side reforms (e.g. 

Italy 1994, New Zealand 1990, UK 1997). Likewise, global budgeting schemes and spending caps 

(e.g. Sweden 1985, Denmark 1982) were supply side initiatives. Examples of demand side reforms 

are consumer cost-sharing by introduction of co-payments (e.g. Germany 1998), or increases in 

patients’ share of drug costs (e.g. Sweden 2001, UK 1985). In many cases the validated reforms are 

a combination of demand- and supply- side changes (e.g. Italy 1994, Portugal 2006, Sweden 1992). 

See table A3 in the appendix for specific information about each individual policy reform in the 

sample.   

As we are interested in whether healthcare reforms curb total expenditures, only the verified reforms 

are used in the following estimations. 23 of the 26 detected reforms can be validated. Therefore we 

are confident that these 23 structural breaks are policy-induced.  
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A risk of the methodology is that that the outcome of a policy reform can be hidden in the data by 

unrelated economic changes, such as exogenous shifts in consumer preferences or relative price 

movements. The opposite can also happen, that a policy change has no significant impact on the data, 

but unrelated economic changes lead us to conclude that it had. Either way, the sequential procedure 

is less prone to identification error than identification using policy input data or economic outcome 

data alone. 

 

Additionally we only analyse the impact of reforms that are large enough to significantly shift the 

public (private) share of HCE. One could argue that our approach to identify reforms leads us to 

overestimate the effect on total HCE relative to GDP. However, Easterly (2006) suggests that many 

de jure ‘reforms’ are so-called “stroke-of-the-pen” policies. That is, policies with limited planned 

economic impact. That makes it difficult to judge the intention of a reform by reading policy 

documents. These are the reasons why the applied methodology is preferred to identify HCF reforms.  

 

2.4 Estimation approach 

2.4.1 Empirical strategy  

In a randomised control study treatment is assigned randomly. As a consequence, there is no selection 

into treatment. Therefore, an unbiased estimate of the treatment effect can be computed directly from 

such data. In our setting, the assignment to treatment is not random (i.e. the decision to conduct a 

HCF reform), and we can therefore only observe one of the potential outcomes for a country. That is, 

an observation is either in the treatment or the control group, never both. When randomization is not 

feasible, PSM constitutes a proper alternative. It has become a standard tool to assess the effects of 

treatments like (policy) interventions by identifying suitable counterfactuals in the absence of 

randomised experiments, thereby reducing selection bias (Imbens and Wooldrigde, 2009; Imai et al., 

2010; Heckman et al, 1997; Aidt and Franck, 2015; Nolan and Layte, 2017). The idea behind 

matching is to compare treated observations to non-treated observations that are similar on observable 

characteristics. After the matching is performed a straight comparison of means is possible. Here we 

only briefly review the method (see Rubin (1974) and Rubin (1977) for more details).  

 

Consider our sample of countries of which some experience a HCF reform in certain years. We are 

interested in whether the non-random assignment of this treatment affects total HCE. The hypothesis 

is that it has negative effects (declining HCE). The outcome variable is defined as the ‘(average) 

change in total HCE as a % of GDP’ over 1-, (3-) and (5-years) following a treatment (i.e. a HCF 
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reform). Using 1-, 3- and 5-years after a HCF reform, enables us to look at the short to medium run 

effects of a HCF reform. We drop the 4 observations before and the 4 observations after a treatment 

from the control group. Otherwise a treated observation could be matched with a non-treated 

observation that contains part of the outcome from a treated observation. Neglecting this would lead 

to biased estimates. In the example presented in fig. 2, observations from 1986 till 1989 are dropped, 

as well as observations from 1991 till 1994. This gives a total 5 changes before and 5 changes after a 

treatment being dropped. Remember that the first change being dropped is the change between 1985 

and 1986, and the last change is from 1994 to 1995. Dropping these observations/changes are done 

irrespectively of the outcome variable (whether it is 1-,3- or 5-year average change in the total HCE 

as a % of GDP). This is done to ensure consistency between the results. 

 

Year:   1984 1985 1986 1987 1988 1989 1990 1991 1992 1993 1994 1995 1996 

Reatment status   T=0  T=0   T=0  T=0  T=0   T=0   T=1   T=0   T=0  T=0  T=0    T=0   T=0 

         Dropped            Dropped  

Fig. 2: Dropping observations when constructing outcome variables 

Notes: This example shows which variables are dropped when constructing the outcome variable (average change in HCE 

as a % of GDP over 1-, 3- and 5-years following a treatment) for the HCF reform in New Zealand 1990. The year in 

which the HCF reform happens (i.e. T = 1) is also used for the construction of the outcome variable, and thus only ‘4 

years’ before and after are dropped. The year for which T=1 is not dropped for obvious reasons.  

 

The PSM method consists of two steps. First a logit model is used to estimate the propensity scores, 

i.e. the probabilities of receiving a treatment. Second, matching techniques are used to match each 

country-year observation that received a treatment with different observations from the control group 

that are similar on observable characteristics, see next subsection. A treated observation can be 

matched with non-treated observations from the same country. However, this is not a problem if this 

is the best counterfactual based on observable characteristics. After matching the Average Treatment 

effect on the Treated (ATT) can be calculated as the average difference between the outcomes in 

treated countries and the matched counterfactuals.  

 

The key assumption behind PSM is unconfoundedness, introduced by Rosenbaum and Rubin 

(1983b). The implication of unfoundedness, is that beyond the included covariates, there are no 

(unobserved) characteristics of the individual observation which is associated both with the outcome 

and the treatment (Wooldridge, 2005). That is, we have a sufficient set of predictors for HCF reforms 

in our set of covariates such that adjusting for differences in these covariates would provide valid 
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estimates of causal effects. Although this setting is closely related to one of standard linear regression 

analysis with a large set of control variables, the literature has gradually moved away from this 

method. The main reason for this shift is that, while local linearity of the regression functions may be 

a valid assumption, this may not be the case globally. This can lead to severe bias when estimating 

average treatment effects with OLS if the linear approximation is not precise (Imbens and 

Wooldridge, 2009).  

 

The second assumption behind PSM is the overlap or common support assumption. This condition 

assumes that for each value of observed characteristics, there is a positive probability of being both 

treatment or control (Heckman et al., 1999). This ensures that there is a sufficient overlap in the 

characteristics of treated and control observations such that an adequate match can be found. If there 

are regions where the support of the observed characteristics does not overlap, then matching is only 

justified when performed over the region of common support (Caliendo et al., 2008). The ATT effect 

that we estimate must therefore be defined conditionally on the region of overlap. 

2.4.2 Determinants of HCF reforms and matching techniques 

Due to the ‘unconfoundedness assumption’ a central part of PSM is selection of an appropriate set of 

covariates to estimate the propensity scores. We rely on literature on economic, political and health-

sector specific factors that simultaneously are believed to cause total HCE and HCF reforms. We 

strive for a parsimonious model, see table A4 for descriptive statistics of the covariates used for 

matching.  

 

Macroeconomic crises are perhaps the most common factor that trigger economic reforms in general 

(Drazen and Grilli 1993). The empirical evidence is robust; crises trigger reforms (Agnello et al., 

2015; Drazen and Easterly, 2001; Pitlik and Wirth, 2003; Waelti, 2015), also HCF reforms (Wiese 

2014). Therefore, several measures that capture different economic crises are included: the growth 

rate of GDP (growth crisis), the unemployment rate (job crisis), the general government budget 

balance (government budget crisis) and the severity of government indebtedness (sovereign debt 

crisis). In times of economic crises reforms become more likely. Simultaneously, both governments 

and consumers are likely to cut HCE. The Health Economics literature on the determinants of HCE 

has consistently found that GDP determines it (Di Matteo and Di Matteo, 1998, Hartwig and Sturm, 

2014). 

 

Furthermore, the inflation rate is included because governments can use their power to issue money 
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to finance fiscal expenditures. Also, a high inflation rate signals economic crisis, so the probability 

of reform increases, unless moderate inflation is used as source of finance and hence postpone 

reforms.  

 

Special interest politics may drive reforms. Political parties promote policies that favour their 

constituencies to promote (re)election (Hibbs, 1977). Left-wing governments prefer a public tax-

financed system and right-wing market-oriented governments favour privatisation to avoid re-

distributional effects. Therefore, the type of reform considered is less likely during left-wing rule. In 

a similar manner, left-wing governments favour higher public spending on healthcare compared to 

right-wing governments (Herwartz and Theilen, 2014; Mou, 2013). Therefore, the Potrafke-index 

(Potrafke, 2009) of the ideological orientation of governments, in terms of economic policy, is 

included. 

 

Scholars argue that a ‘window of opportunity’ opens after elections where newly elected governments 

can impose reforms at lower political costs (Haggard and Webb, 1993). Thus, reforms are more likely 

in the period following elections (Lora and Olivera, 2004). Also, the literature on the political 

determinants of HCE has found that public HCE are higher in election years (Potrafke, 2010). 

Therefore, a dummy variable capturing election years is included.    

 

Two variables are included that capture cost developments likely to impact the probability of reform, 

while also signifying the potential for cost savings through reforms of financing. First, the share of 

the population older than 65 years; a larger fraction of elderly implies higher costs and declining tax 

revenues to finance the costs (Oxley and MacFarlan, 1995; Hartwig and Sturm, 2014). Second, the 

average of total HCE as percentage of GDP over the 5 years before the reform is included to capture 

the medium-term trend in healthcare costs directly. If costs are rapidly increasing it may call for 

policy action, such as HCF reform. This variable captures both demand and supply driven costs 

increases in the medium term, such as technological advances.  

 

Lastly, if present, duration dependence in panel models with a binary dependent variable leads to 

wrong inference (Beck et al., 1998). The applied estimator relies on the assumption that the 

probability of reform within countries is independent over time. Previous similar reforms may impact 

the probability of further reforms; at the same time reforms impact total HCE. To correct for duration 
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dependence, we apply a simple but well-performing method (Carter and Signorino, 2010). It is based 

on the inclusion of a variable counting the length of the spell of no reform at every observation, 

counting from the last year of reform, and its squared and cubed term. These 3 variables are included 

in the propensity score model.  

 

After building the PSM model the treated observations are matched with the suitable counterfactuals. 

To improve the quality of our matching, we apply multiple matching techniques. Specifically, we 

apply 5 different matching algorithms with the objective to use methods that are dissimilar: 

1. Radius matching. It is a variation of nearest neighbour matching that attempts to avoid ‘bad’ 

matches by imposing a tolerance distance   

2. 5 nearest neighbours with replacement. Aside from performing the matching with 

replacement, it matches the treated observation with the five closest observations from the 

control group in terms of their propensity score.  

3. Local linear regression imposing a calliper distance. Similar to kernel matching but includes 

a linear term in the weighting function. The caliper distance makes sure that pairs of treated 

and control observations are formed such that the difference in propensity scores between 

matched subjects differs at most by 0.5% in probability. 

4. Kernel bootstrap. It constructs a match for each treated observation using a weighted average 

over multiple observations in the control group. Kernel estimators such as this one, can be 

viewed as a matching estimator where all observations within a certain bandwidth receive a 

weight.   

5. Kernel bootstrap with trimming=5. In contrast to the fourth approach it imposes common 

support by trimming 5 percentages of the treatment observations at which the propensity score 

density of the control observations is the lowest. 

 

As an alternative to matching, we have also applied the doubly robust estimator developed in Robins 

and Rotnitzky (1995), Robins et al. (1995), and van der Laan and Robins (2003). The idea behind 

this estimator is to combine regression analysis with propensity score weighting, rather than 

conducting a standard regression analysis including a rich set of controls. That is, we estimate a 

weighted least square regression where the covariates enter twice; through the weights, and through 

inclusion in the regression equation. It is said to be doubly robust, as it only requires one of the 

following two conditions to hold: The conditional mean model is correctly specified, or the PSM 

model is correctly specified. Weighting can be interpreted as removing the correlation between the 
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covariates and the treatment indicator, and regression removes the direct effect of the covariates. 

Specifically, treated observations get a weight by the inverse of the propensity score, whereas the 

control observations get a weight of the inverse of one minus the propensity score (see Robins and 

Rotnitzky (1995) for further explanation). 

 

2.5 Results 

2.5.1 Propensity Scores 

The estimates from the logit model, which we used to calculate the propensity score is given in table 

A5 in the appendix. Running this model on our sample of 21 countries and 565 available observations 

results in a model that correctly classifies the outcomes 83% of the time, see fig. A1 in the appendix. 

The debt crisis indicator, the unemployment rate, the inflation rate, and the population over 65 years 

are significant at the 5% level or less, with the expected signs. The duration dependence variables are 

jointly significant at the 5% level; thus, they belong in the model (Beck et al., 1998). Furthermore, in 

fig. 3 we observe that the common support condition is satisfied, as the support given by the treatment 

group completely overlaps the support by the control group. 

 

 

 

Fig. 3: Common support distribution for the baseline propensity scores 
Fig. 3 shows the predicted probability of reform, i.e. propensity scores, for all observations in the sample. 145 control 

observations are dropped due to lack of common support.  
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2.5.2 Matching Results 

The results indicate that HCF reforms lead to a significant HCE saving in the short and medium run. 

Table 2 shows the ATT for the HCF reforms for different matching algorithms, and the doubly robust 

estimation, over 1-, 3- and 5-years.  

 

Table 2: Average treatment effect of the treated (ATT), using different matching algorithms  
Matching method (1) (2) (3) (4) (5) (6) 

 Radius 5-Nearest 

Neighbours with 

replacement 

Local Linear 

Regression, 

calliper=0.0051 

bootstrap se 

Kernel 

bootstrap 

se 

Kernel with 

trimming 

bootstrap se2 

Doubly 

robust 

Variables (t-stat) (t-stat) (p-value) (p-value) (p-value) (t-stat) 

       

Change in total HCE  

as % of GPD - 1 year 

-0.083 -0.144** -0.175** -0.134** -0.097 -0.209*** 

(-1.05) (-2.05) (0.019) (0.036) (0.156) (-2.87) 

       

Change in total HCE as  

% of GPD - 3 year average 

-0.098 -0.124*** -0.130** -0.118** -0.100* -0.139*** 

(-1.63) (-2.65) (0.013) (0.014) (0.051) (-3.06) 

       

Change in total HCE as  

% of GPD - 5 year average 

-0.078* -0.110*** -0.098** -0.095*** -0.082** -0.100*** 

(-1.81) (-3.22) (0.010) (0.005) (0.036) (-3.23) 

       

Observations 393 393 393 393 393 393 

Notes: Following Stuart (2010), we conducted balancing tests for the covariates after matching. Despite a number of 

differences in the covariates before matching, there are no significant differences between the treatment and control group 

after matching. The results of the balancing tests are available upon request. *** p<0.01, ** p<0.05, * p<0.1. For the 

bootstrap we use 1000 replications. 
1 Value for maximum distance to controls 
2 Drops 5% of the treatment observations at which the propensity score density of the control observations is the lowest 

 

The effect of HCF reforms for the 1st year, and 3- and 5-year average health care expenditure as 

percentage of GDP suggest a decreasing effect over time, across matching methods. The results 

indicate a cost saving in the first year after a reform in the range 0.08-0.21 percentage points of GDP. 

The average cost saving over a 3-year period is between 0.10-0.14 percentage points of GDP each 

year, while the average cost saving over the 5-year period is between 0.08-0.11 percentage points of 

GDP each year. Accumulated this means that approximately 0.45 percentage points of GDP are saved 

over the five years. This is a substantial economic effect. All 5-year average treatment effects are 

estimated statistically significant.  

 

To illustrate the dynamic effect of the reforms, fig. 4 displays the estimated yearly cost savings for 

each of the five years in the post reform period. The dynamic effects we observe are similar across 

the estimators we have applied, revealing a pattern showing that the largest cost saving is realized in 

the 1st year(s), and the effect is diminishing in the following years. Extrapolating this trend, the effect 

would become positive after additional years. It would be interesting to evaluate the effect over a 

longer time horizon. However, this is not possible given our empirical strategy.  
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Fig. 4: Yearly ATT estimates  

To obtain the estimates in table 2, add the yearly effects and divide by the appropriate number of years 

 

2.6 Robustness analysis 

The inclusion of the duration dependence variables may be a cause of concern. Therefore, the analysis 

in section 4 is redone without their inclusion. The results are similar, see table A7 in the appendix.  

Likewise, it is important to establish whether individual countries included in the sample are driving 

the results. We therefore re-estimate the results excluding each individual country, one at the time. 

No exclusion of any specific country causes large changes in the results. Thus, the results not are 

driven by the inclusion of any specific country. See appendix table A8, A9 and A10. 

 

The PSM method does not allow the possibility of controlling for fixed-effects in the outcomes. Slow 

changing institutional differences between countries may be important drivers for the effect of 

reforms. Therefore as an additional robustness test we follow Freedman and Berk (2008) and estimate 

a weighted-LSDV model. When using this approach, the observations are weighted using the 

estimated propensity scores as with the double robust estimator. The fixed-effects estimation is then 

conducted without including further control variables (in contrast to the double robust estimator). The 

results of the estimated effects of HCF reforms are in line with our analysis above, showing the same 
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decreasing pattern, although with a smaller magnitude. The results of the LDSV model can be found 

in table A11 in the appendix. 

 

The main assumption underlying our PSM analysis is unconfoundedness. We are assuming that 

beyond our set of included covariates, no unobserved effect would affect our estimates. Rosenbaum 

(1995) developed a sensitivity analysis, which focus is on what effect the unobserved covariates could 

have on the p-value for the test of no effect of the treatment based on the assumption of 

unconfoundedness. In other words, using this sensitivity test, we can check how much the odds of 

participation would have to be different in order to substantially change the p-value. Represented by 

a Г, we test by what factor an unobserved covariate has to change the odds of participation in order 

to increase the p-value to above 0.10. 8 The results of the sensitivity analysis are presented in table 

A12 in the appendix. The analysis reveals that our results for the 5 years average are more robust 

compared to our 1 year results, with the 3 years average results landing in between. Specially, for the 

5 years average results, it requires an unobserved covariate to change the odds of participation with 

more than factor 2.5 to increase the p-value to above 0.10.  

 

2.7 Conclusion and discussion 

Healthcare financing reforms that significantly increase the private share of funding reduce total 

healthcare expenditures in the short and medium run in the analysed countries. The results suggest an 

annual average cost saving over the 5-year period of 0.09 percentage points of GDP per year. 

Accumulated this means that approximately 0.45 percentage points of GDP are saved over 5 years. 

Our results also show that savings in total HCE are large in the beginning of the post reform period, 

but decreases continually approaching a zero effect after five years.  

 

Equality and efficiency are also important parameters on which HCF reforms should be evaluated. 

Yet such an extensive analysis is outside the scope of this chapter, below we discuss potential negative 

effects on health equality and efficiency resulting from the analysed reforms and the effects that may 

have on total HCE in the long run. 

 

The found cost-containing effect may be due to adverse effects rather than efficiency increases, 

particularly concerning demand side reforms that rely on increased patient cost sharing. Specifically, 

low-income groups are more likely to be excluded due to budget constraints. If healthcare 

                                                   
8 For more details, see Rosenbaum (1995) or Imbens and Wooldridge (2009). 
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consumption falls more in low-income groups as Skriabikova et al. (2010) suggest, it will increase 

health inequalities. Woodward and Kawachi (2000) conclude that a society that tolerates large 

socioeconomic incline in health outcomes inequality will experience a drag on improvements in life 

expectancy, and pay the cost via (postponed) excess health care utilisation. Private payment may also 

cause consumers to choose options of lower quality, potentially leading to deteriorating overall health 

status of the population.  

 

Supply-side reforms, such as spending caps and rationing, might lead to postponed excess health care 

utilisation and lead to dissatisfaction, for example due to longer waiting lines (Cutler 2002). In sum, 

both supply- and demand-side reforms may induce negative effects on healthcare equality and 

efficiency, and thereby lead to increasing costs in the longer run. Given data and space restrictions 

we do not assess whether the analysed reforms are causing such adverse effects. These issues are 

interesting areas for future research.  

 

Moreover, our measurement of the cost effect following a reform is isolated to costs accruing to the 

‘Ministry of Healthcare’. A shift to increased private financing may lead to cost increases in other 

government departments. For example, less government money for psychiatric care may lead to 

increases in crime statistics and other forms of social expenditure. Some types of health inequalities 

have obvious spill-over effects on society, e.g. the spread of infectious diseases, the consequences of 

alcohol and drug abuse, or the occurrence of violence and crime (Woodward and Kawachi 2000). 

Therefore, it is likely that the isolated short to medium term cost saving ultimately will result in a net 

cost.  

 

Another cause behind the decreasing effect may be a delayed substitution to private financing of 

healthcare that may result from the analysed reforms. For example, if no private insurance market 

exists such a market may take time to develop. Therefore the cost savings may decrease over time as 

a result of options to take out private insurance (Colombo and Tapay 2004). This may be the case if 

increased private insurance does not work as a substitute to public expenditure, but rather functions 

as a complement. Additionally private healthcare systems, such as the US system carries much greater 

administration costs, compared to a public system such as the Canadian one (Woolhandler et al. 

2003). Therefore increased private insurance may lead to higher total HCE. Also, one could speculate 
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that new governments with different political priorities, compared to the government that 

implemented the reform may implement somewhat more expansionary healthcare policies.  

 

In sum, our results suggests that it may be counterproductive to privatise healthcare financing with 

the purpose of reducing total HCE, as the short run cost saving may ultimately results in increasing 

expenditures. We believe that more research should be done to consider the long run effect of 

healthcare financing reforms.  
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 Appendix 

 

 
Fig. A1: ROC curve for the propensity score model 

Fig. A1 shows the ROC curve for the logit model applied in this chapter. The area under the curves is 0.8299. 

 

Table A1. Summary statistics for variables used to identify potential reforms 

Variable Obs. Mean St.d. Min. Max. Source: 
Public healthcare expenditure % of 

GDP 

924 5.53 1.75 0.84 9.76 OECD.org 

Private healthcare expenditure % of 

GDP 

924 2.08 1.36 0.11 9.03 OECD.org 

Total healthcare expenditure % of 

GDP (private + public) 

924 7.59 2.27 1.49 17.05 OECD.org 

Public relative to total expenditure, 

yit 

924 0.73 0.13 0.22 0.98 OECD.org 
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Table A2: Identified potential reforms using three procedures 
Country Sample 

period 

1. Global L 

breaks vs. none, 

5 % significance 

level 

2. BIC 3. Sequential 

L+1 breaks vs. 

L, 5 % 

significance 

level 

Final set of 

potential reforms 

Australia  1971-2011 1977 -- --  

Austria 1960-2012 1967, 1989  1967, 1989 -- 1967, 1989  

Canada 1970-2012 1986, 1993, 1999 1986, 1994 1993 1986, 1993 

Denmark 1971-2012 1984, 1990 1984, 1990 -- 1984, 1990 

Finland 1960-2013 1994 1993 -- 1993 

France 1990-2012 2003 2003, 2008 -- 2003 

Germany 1970-2013 1983, 1998, 2004 1983, 1998, 2004 -- 1983, 1998, 2004 

Greece 1987-2011 1994 1994 1994 1994 

Iceland 1960-2013 1993 1993 1993 1993 

Ireland 1960-2012 1985, 2006 1985 -- 1985 

Italy  1988-2013 1994 1994 -- 1994 

Japan 1960-2012 -- -- --  

Netherlands 1972-2013 1996 1996 1998 1996 

New Zealand 1970-2011 1990 1990 -- 1990 

Norway 1960-2013 1980, 1988, 1997 1980, 1989 -- 1980, 1988 

Portugal 1970-2011 1982, 2006 1982, 2006 -- 1982, 2006 

Spain 1960-2012 1995 1989, 1995 -- 1995 

Sweden 1970-2012 1985, 1992, 2001 1985, 1992, 2001 2000 1985, 1992, 2001 

Switzerland 1985-2012 -- -- --  

UK 1960-2012 1985, 1997 1985, 1997 -- 1985, 1997 

USA 1960-2012 -- -- --  

In total 30 28 5 27 

The table shows the potential reforms identified using 3 general test procedures that can be used when applying the B&P-

filter. 1. Compares the fit of global L breaks with the fit of a model with no breaks, and selects the highest number of 

breaks that are significant. 2. Starts with a H0 of no break, and then sequentially test k vs. k+1 breaks until the test statistics 

is insignificant. 3. Information criterion is used to select the optimal number of breaks. If at least two of the test procedures 

suggest a potential reforms we take it as statistical evidence in favour of a break. In case the timing differs slightly we 

use graphical inspection of yit paired with qualitative evidence to determine the timing.  

-- means that the filter does not identify any potential reforms 
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Table A3: Description of data used to identify privatisations 
Column 1 and 2 gives the country and sample length. Column 3 shows country specific B&P-filter specification based 

on the times series properties of each series. Years in column 4 are the detected reform. Those that cannot be validated 

by the qualitative evidence are in parentheses. If a policy change that supports reforms occurred no more than two years 

prior to the potential reform it is taken as qualitative evidence of a reform, see the last two columns.  

Country  Time 

period 

Specification  

B&P filter, 

based on 

sample 

properties 

Potential 

reform 

detected 

by the 

B&P 

filter 

Policy change: Reforms 

Qualitative evidence of de jure reforms that 

increased the private share of financing 

and/or decreased the public share.  

Year of 

the policy 

change  

Australia 1971-

2011 

AR(1) fixed 

lag 

specification.  

Trimming 

0.15. 

   

Austria  1960-

2012 

AR(1) fixed 

lag 

specification.  

Trimming 

0.15. 

(1967)  

1989 
 Act on Health insurance for Farmers of 1965. 

Act on Health Insurance for the self-employed 

of 1966. Civil Servants’ Health and Work 

Accident Insurance Act of 1967. 

All 3 Acts suggests nationalisation of healthcare 

financing. 

 Cost containment transparency: Direct cost 

sharing for inpatient stay: Reform of 1989 

(Hofmarcher and Rack 2006) 

1989 

Canada 1970-

2012 

AR(2) fixed 

lag 

specification.  

Trimming 

0.15. 

1986  

1993 
 The Canadian Health Act of 1984 denies federal 

support to provinces that allow extra-billing 

within their insurance schemes and effectively 

forbids private or opted-out practitioners from 

billing beyond provincially mandated fee 

schedules. 

 Federal transfers to provinces frozen/cut in 

1990/1991. 

(Cutler 2002, Marchildon 2005) 

1984 

1990-91  

Denmark 1971-

2012 

AR(1) fixed 

lag 

specification.  

Trimming 

0.15. 

1984  

1990 

 Introduction of global budgeting in the publicly 

financed health sector in 1982.  

 The first coherent national prevention program 

for health is developed in cooperation with 

relevant sectors in 1989.  

 Budget agreements between the state and the 

counties increasingly include specific objectives 

and demands, introduced in 1990. 

(Olejaz et al. 2012) 

1982 

1989  

1990 

Finland 1960-

2013 

AR(1) fixed 

lag 

specification.  

Trimming 

0.15. 

1993  The 90’s: Increasing deregulation and emphasis 

on municipal autonomy. Reforms in the state 

administration of health care, subsidy reform. 

Maintaining health care services during and after 

economic recession. 

(Vuorenkoski et al. 2008) 

1990’s 
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Country  Time 

period 

Specification  

B&P filter, 

based on 

sample 

properties 

Potential 

reform 

detected 

by the 

B&P 

filter 

Policy change: Reforms 

Qualitative evidence of de jure reforms that 

increased the private share of financing 

and/or decreased the public share.  

Year of 

the policy 

change  

France 1990-

2012 

AR(1) fixed 

lag 

specification.  

Trimming 

0.20. 

2003  Act no. 2002-322 of March 2002. A contractual 

convention reforming the agreement system 

between statutory health insurance and 

healthcare professionals  

 The 2003 Social Security Finance act: Reference 

prices for drugs groups, a new system for 

payment to hospitals, budgets for investment in 

hospitals among other things. Drug delisting and 

reduced reimbursement of pharmaceuticals to 

reduce costs and increase efficiency 

 Introduction of flat co-payments to reduce 

statutory health expenditure in 2005. In 2006 a 

list of drugs was no longer covered by statutory 

health insurance.  

 (Chevreul et al. 2010) 

2002-03 

2006 

Germany 1970-

2013 

AR(1) fixed 

lag 

specification.  

Trimming 

0.15. 

1983  

1998  

2004 

 1981 Health Insurance Cost-containment 

Amendment Act 

 Out-of-pocket payments for drugs increased in 

1982 

 Health Insurance Contribution Rate 

Exoneration Act of 1996. Represented a shift 

from cost-containment to an expansion of 

private payments. Co-payments were viewed as 

way to put new money into the system. Further 

strengthened with First and Second Statutory 

Health Insurance Restructuring Acts of 1997. 

 Three months after the government was re-

elected in September 2002, it introduced two 

reform bills with ad hoc austerity measures to 

reduce expenditure. The 12th SGB V 

Amendment Act froze ambulatory and hospital 

care budgets for 2003.  

 (Busse and Reisberg 2004, Cutler 2002) 

1981-82 

1996-97 

2002-03 

Greece 1987-

2011 

AR(1) fixed 

lag 

specification.  

Trimming 

0.20. 

1994  Law 2071 of 1992: modernization and 

organization of the health system.  The aim was 

to replace state responsibility with social 

security and the private sector in the delivery 

and financing of health services. Incentives to 

contract with private insurance were given. Co-

payment rates for drugs, per diem hospital 

reimbursement and insurance contributions were 

increased. Furthermore, fees were introduced for 

visits to outpatient hospital departments as well 

as for inpatient admissions. Tax deductions for 

private insurance premiums were also adopted. 

(Economou 2010)  

1992 

Iceland 1960-

2013 

AR(1) fixed 

lag 

specification.  

Trimming 

0.15. 

1993  The 1990 Health Care Act. Introduction of out-

of-pocket user fees. From 1991 this led to 

increasing out-of-pocket payments for users of 

the healthcare system.  

(Halldorsson 2004) 

1991 
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Country  Time 

period 

Specification  

B&P filter, 

based on 

sample 

properties 

Potential 

reform 

detected 

by the 

B&P 

filter 

Policy change: Reforms 

Qualitative evidence of de jure reforms that 

increased the private share of financing 

and/or decreased the public share.  

Year of 

the policy 

change  

Ireland 1960-

2012 

AR(1) 

No time 

trend 

Trimming 

0.15. 

(1985)  No policy evidence of reform in this period, see 

McDaid et al. (2009). 

 

Italy 1988-

2013 

AR(1) fixed 

lag 

specification.  

Trimming 

0.15. 

1994  1992–1993 The government approved the first 

reform of the national health system (Legislative 

Decrees 502/1992 and 517/1993). This involved 

the start of a process of decentralizing health 

care powers to the regions and a parallel 

delegation of managerial autonomy to hospitals 

and local health units. The latter was envisaged 

within a broader model of internal market 

reform. During 1992–1993, co-payments were 

raised. 

 (Cutler 2002, Lo Scalzo et al. 2009) 

1992-93 

Japan 1960-

2012 

AR(2) fixed 

lag 

specification.  

Trimming 

0.15. 

   

Netherlands 1972-

2002 

AR(1) fixed 

lag 

specification.  

Trimming 

0.15. 

1996  1994 Van Otterloo Act: low-income pensioners 

became eligible for sickness funds, however 

other medium income pensioners lost this right. 

it now had to rely on private insurance. (Exter 

et al. 2004) 

 1996 Act on the Expansion of the Obligation to 

Continue Salary Payments in Case of Illness: 

Established the compulsory payment of 70% of 

the wages of sick employees by the employer 

for one year (Schäfer et al. 2010) 

 1997. The threshold limit for access to sickness 

funds for pensioners was significantly raised. At 

the same time students could no longer be 

insured jointly under parent insurance. A 

system of limited user charges for sickness fund 

enrolees was introduced to give them an 

incentive to use health services more prudently. 

(Exter et al. 2004) 

1994 

1996 

New 

Zealand 

1970-

2011 

AR(1) fixed 

lag 

specification.  

Trimming 

0.15 

1990  A Public Finance Act 1989 that made sweeping 

changes to financial management in the public 

sector. Chief executives were made responsible 

for financial management; comprehensive new 

reporting requirements including statements of 

service performance; and more emphasis on 

performance indicators were introduced (French 

et al. 2001). 

1989 
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Country  Time 

period 

Specification  

B&P filter, 

based on 

sample 

properties 

Potential 

reform 

detected 

by the 

B&P 

filter 

Policy change: Reforms 

Qualitative evidence of de jure reforms that 

increased the private share of financing 

and/or decreased the public share.  

Year of 

the policy 

change  

Norway 1960-

2013 

AR(1) fixed 

lag 

specification.  

Trimming 

0.15 

(1980)  

1988 
 No evidence of policy that lead to a privatisation 

in the late 1970’s or 1980 

 As a result of the Municipalities’ Health Care 

Act of 1982 (1984), responsibility for the 

primary health care in Norway was transferred 

to the municipalities in 1984. The government 

wanted with this act to coordinate the health and 

social services at the local level, strengthen these 

services in relation to institutional care, improve 

resource utilization, strengthen preventive care, 

and lay the foundation for better allocation of 

health care personnel. In 1987, the act was 

extended to include environmentally oriented 

health activities. In 1988 the Municipalities 

Health Care Act was further expanded when the 

responsibility of the counties’ nursing homes 

was transferred to the municipalities.  

 (Johnsen 2006). 

1987-88 

Portugal 1970-

2011 

AR(1) fixed 

lag 

specification.  

Trimming 

0.15 

1982 

2006 
 Since 1982 voluntary private health care 

insurance could be taken out at an individual 

basis. Before this was only possible at the group 

level.  

 Several initiatives from 2003-2006 to reduce 

public spending: update/increase co-payments, 

implement purchaser-provider split, pay by 

results. 

(HSiT 1999, Baros and Simoes 2007). 

 

1982  

2003-06 

Spain 1960-

2012 

AR(1) fixed 

lag 

specification.  

Trimming 

0.15 

1995  In 1993 a selective list of pharmaceuticals was 

excluded from public funding for the first time. 

Free choice of GPs and paediatricians was 

generally introduced (piloted since 1984). 

  In 1994 an agreement was reached amongst the 

central government and the special Autonomous 

Communities on the regional resource allocation 

system, which involved the rationalisation of a 

set of previous piecemeal, bilateral agreements, 

and the commitment to renegotiate the terms of 

the agreement once every four years. 

(HSiT 2000) 

1993  

1994 
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Country  Time 

period 

Specification  

B&P filter, 

based on 

sample 

properties 

Potential 

reform 

detected 

by the 

B&P 

filter 

Policy change: Reforms 

Qualitative evidence of de jure reforms that 

increased the private share of financing 

and/or decreased the public share.  

Year of 

the policy 

change  

Sweden 1970-

2012 

AR(1) fixed 

lag 

specification.  

Trimming 

0.15 

1985  

1992  

2001 

 The 1982 Health and Medical Services Act. 

Cost containment was an important part of the 

reform.  

 The 1985 Dagmar reform continued the 

decentralization objective of the 1982 reform. 

The main motive of the reform was to establish 

county council control over new private 

establishments through agreements and control 

over reimbursements to private providers. 

 The ÄDEL reform of 1992 was the biggest 

structural reform of health care provision and 

financing in the 1990’s. It contained several 

initiatives to contain public health care costs.  

 1998 Patients’ share of the drug costs was 

increased, as a result of a reformed National 

Drug Benefit Scheme. In 1999 dental reform 

that meant an increase in patients’ co-payments.  

(Glenngård et al. 2005) 

1982-85 

1992 

1998 

1999 

Switzerland 1985-

2012 

AR(1) fixed 

lag 

specification.  

Trimming 

0.20 

  The health system has only been reformed in 

1994 in the data period. The health insurance 

law made the purchasing of health insurance 

compulsory and made significant changes to the 

systems of subsidies within the system.  

(HSiT 2000) 

 

United 

Kingdom 

1960-

2012 

AR(2) fixed 

lag 

specification.  

Trimming 

0.15 

1985  

1997 
 During the 1980 the Conservative Government 

introduced a series of initiatives aimed at 

improving NHS efficiency.   

 In 1985, a Selected List Scheme was introduced 

restricting the range of medicines that are 

available through NHS prescriptions. 

 In 1997 a new government came into place. It 

started a whole reform program, massive in 

scope that changed the NHS fundamentally. It 

relied on six principles such as increased de-

centralisation and decreased bureaucracy.   

(Boyle 2011) 

1980’s 

1985 

1997 

United 

States 

1960-

2012 

AR(3) fixed 

lag 

specification.  

Trimming 

0.15 

   

Data source for detected reforms: OECD.org, Economic Outlook nr. 90. West German data is used prior 1990 for 

Germany. Data source for validated reforms: WHO/ European Observatory on Health Systems and Policies country 

HSiT (Healthcare Systems in Transition) reports, see table for precise references.   
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Table A4: Descriptive statistics for matching variables 

Variables  Obs. Mean St.d. Min. Max. Source 
GDP growth rate (Growth crisis) 565 2.71 2.10 -6.00 10.92 OECD.org 

Unemployment rate (Job crisis) 565 6.43 3.44 0.52 19.11 OECD.org 

Government budget balance 

(government budget crisis) 

565 0.22 3.25 -9.92 16.10 OECD.org 

Interest rate in long-term government 

debt  

(Sovereign debt crisis) 

565 8.51 5.34 1.00       48.8 OECD.org 

Inflation rate 565 5.07 6.92 -0.89  83.95 OECD.org 

Government ideology 565 2.88 0.92 1 4 Potrafke (2009) 

Election (1 = election year) 565 0.28 0.45 0 1 Mierau (2007) 

Population share over 65 years 565 14.03 2.45 7.90        20.8 OECD.org 

5 year average change in total HCE as 

% of GDP 

565 0.12 0.14 -0.31 0.54 OECD.org, calculated 

Notes: All available observations for the 21 OECD countries between 1960-2013 have been used concerning the variables 

used to identify reforms, see table 1 for countries and sample periods. West German data is used prior 1990 for Germany. 

Concerning matching variables all available observations are used. Due to missing observations on the government budget 

balance, the reform in Greece in 1994 is excluded from the analysis.  

 

Table A5: Logit model for predicted propensity scores  

 (1) 

VARIABLES Treatment 

  
GDP growth rate -0.162 

 (0.109) 

Unemployment rate 0.133** 

 (0.064) 

Government budget balance -0.059 

 (0.080) 

Interest rate in long-term government debt 0.298*** 

 (0.104) 

Inflation rate -0.272** 

 (0.124) 

Government ideology -0.049 

 (0.255) 

Election (1 = election year) 0.629 

 (0.466) 

Population share over 65 years 0.290** 

 (0.123) 

5 year average change in total HCE as % of GDP -2.736 

 (1.946) 

t 0.508* 

 (0.269) 

t squared  -0.022 

 (0.017) 

t cubed 0.000 

 (0.000) 

Constant -11.979*** 

 (2.886) 

  

Observations 565 

Pseudo R-squared 0.177 

Notes: Standard errors in parentheses. *** p<0.01, ** p<0.05, * p<0.1 
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Table A6: Treated and matched control observations using 5-nearest neighbour matching 

HCF reform Matched Control Observations  
Austria 1989 Greece2003 Switzerland2006 Austria1995 Germany1992 Finland1984 

Canada 1986 United Kingdom2005 Finland1984 Germany1992 Switzerland2006 Italy2000 

Canada 1993 Portugal1999 Denmark2001 New Zealand1999 United Kingdom1978 Denmark1995 

Denmark 1984 Portugal1993 Spain1986 Austria1983 Portugal1992 Spain1985 

Denmark 1990 Spain1989 Australia1991 United Kingdom1992 Italy2006 Spain1986 

Finland 1993 Italy2008 Portugal1991 Spain1984 Spain1987 Spain1985 

France 2003 Norway1993 Germany1993 Austria1999 Netherlands1990 United States1983 

Germany 1983 Greece2007 Italy2005 Netherlands1987 Austria1982 Netherlands1989 

Germany 1998 Spain1989 Australia1991 United Kingdom1992 Italy2006 Spain1983 

Germany 2004 Switzerland2003 Ireland1993 Germany1990 Netherlands1988 Australia1994 

Greece 1994 Excluded due to missing matching covariates 

Iceland 1993 Netherlands1986 Australia1990 Australia1996 Italy2003 Austria2006 

Italy 1994 United States1984 Spain1981 Australia1997 Japan2005 Australia1994 

Netherlands 1996 Finland1987 Australia1998 Australia1995 Greece2002 Switzerland2008 

New Zealand 1990 Ireland1993 Switzerland2003 Germany1990 Netherlands1988 Finland2003 

Norway 1988 Spain1990 Australia1992 Spain1982 Spain1988 Italy2007 

Portugal 1982 Denmark1977 Portugal1988 United States1976 Finland1979 United Kingdom2002 

Portugal 2006 United Kingdom1979 Norway1983 Italy1999 United States1985 Netherlands1991 

Spain 1995 Portugal1993 Spain1986 Austria1983 Portugal1992 Spain1985 

Sweden 1985 Italy2008 Portugal1991 Spain1984 Spain1987 Spain1985 

Sweden 1992 Italy2009 Italy2008 Portugal1991 Spain1984 Spain1987 

Sweden 2001 Finland1986 Finland2001 Greece2005 Netherlands1983 Switzerland2008 

UK 1985 Greece2004 Spain1983 Italy2006 United Kingdom1992 Ireland1991 

UK 1997 Spain1989 Spain1986 Australia1991 United Kingdom1992 Italy2006 

 

Table A7: ATT estimates using different matching algorithms, baseline specification excluding 

duration dependence variables 
Matching method (1) (2) (3) (4) (5) (6) 

 Radius 5-Nearest 

Neighbours 

with 

replacement 

Local Linear 

Regression, 

calliper=0.0051 

bootstrap se 

Kernel 

bootstrap 

se 

Kernel with 

trimming 

bootstrap se2 

Doubly 

robust 

Variables (t-stat) (t-stat) (p-value) (p-value) (p-value) (t-stat) 

       

Change in total HCE  

as % of GPD - 1 year 

-0.083 -0.078 -0.175** -0.083 -0.162** -0.200*** 

(-1.05) (-1.11) (0.018) (0.184) (0.035) (-2.73) 

       

Change in total HCE as  

% of GPD - 3 year average 

-0.098 -0.081 -0.120** -0.082* -0.128** -0.135*** 

(-1.63) (-1.62) (0.013) (0.074) (0.013) (-2.93) 

       

Change in total HCE as  

% of GPD - 5 year average 

-0.078* -0.057 -0.098** -0.075** -0.097*** -0.103*** 

(-1.81) (-1.49) (0.016) (0.031) (0.005) (-3.22) 

       

Observations 393 393 393 393 393 393 

Notes: For the bootstrap we use 1000 replications. *** p<0.01, ** p<0.05, * p<0.1 
1 Value for maximum distance to controls 
2 Drops 5% of the treatment observations at which the propensity score density of the control observations is the lowest
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Table A8: ATT estimates using different matching algorithms excluding individual countries 

(one year change) 
Matching 

method 

 (1) (2) (3) (4) (5) (6) 

 Country 

excluded 

Radius  5-Nearest 

Neighbours 

with 

replacement 

Local Linear 

Regression, 

calliper=0.0051 

bootstrap se  

Kernel 

bootstrap 

se 

Kernel 

with 

trimming 

bootstrap 

se2 

Doubly 

robust 

Variables  (t-stat) (t-stat) (p-value) (p-value) (p-value) (t-stat) 

Change in total 

HCE as % of 

GPD - 1 year  Australia -0.080 -0.145** -0.174** -0.132* -0.096 -0.212*** 

  (-1.00) (-2.03) (0.018) (0.056) (0.162) (-2.88) 

- Austria -0.098 -0.166** -0.201*** -0.160** -0.121* -0.225*** 

  (-1.16) (-2.27) (0.008) (0.019) (0.093) (-3.07) 

- Canada -0.083 -0.144** -0.175** -0.134** -0.097 -0.209*** 

  (-1.05) (-2.05) (0.023) (0.036) (0.164) (-2.87) 

- Denmark -0.084 -0.155** -0.185** -0.141** -0.101 -0.198** 

  (-0.94) (-2.06) (0.027) (0.040) (0.173) (-2.37) 

- Finland -0.056 -0.125* -0.153** -0.108* -0.073 -0.192** 

  (-0.72) (-1.72) (0.049) (0.093) (0.293) (-2.48) 

- France -0.086 -0.110* -0.140** -0.135** -0.098 -0.159*** 

  (-1.07) (-1.70) (0.038) (0.040) (0.149) (-2.80) 

- Germany -0.095 -0.156** -0.189** -0.144** -0.106 -0.222*** 

  (-1.13) (-2.14) (0.017) (0.035) (0.131) (-3.00) 

- Greece -0.058 -0.131* -0.170** -0.120* -0.073 -0.206** 

  (-0.64) (-1.67) (0.045) (0.090) (0.360) (-2.47) 

- Iceland -0.088 -0.141** -0.181** -0.140** -0.101 -0.210*** 

  (-1.09) (-2.03) (0.021) (0.031) (0.146) (-2.84) 

- Ireland -0.088 -0.152** -0.185** -0.138** -0.100 -0.215*** 

  (-1.04) (-2/06) (0.014) (0.038) (0.181) (-2.88) 

- Italy -0.089 -0.148** -0.168** -0.127** -0.093 -0.205*** 

  (-1.11) (-2.09) (0.030) (0.045) (0.201) (-2.87) 

- Japan -0.067 -0.088 -0.103 -0.113* -0.086 -0.201** 

  (-0.81) (-1.27) (0.144) (0.087) (0.220) (-2.43) 

- Netherlands -0.833 -0.144** -0.179** -0.135** -0.116* -0.210*** 

  (-1.04) (-2.04) (0.017) (0.033) (0.076) (-2.88) 

- New Zealand -0.083 -0.144** -0.175** -0.134** -0.097 -0.210*** 

  (-1.05) (-2.05) (0.020) (0.041) (0.153) (-2.87) 

- Norway -0.078 -0.142* -0.168** -0.127* -0.087 -0.216*** 

  (-0.91) (-1.92) (0.030) (0.069) (0.221) (-2.82) 

- Portugal -0.116 -0.167** -0.200*** -0.154** -0.119* -0.218*** 

  (-1.47) (-2.38) (0.006) (0.011) (0.085) (-2.80) 

- Spain -0.085 -0.153** -0.184** -0.145** -0.125* -0.215*** 

  (-1.09) (-2.12) (0.015) (0.034) (0.091) (-2.87) 

- Sweden -0.041 -0.099 -0.135* -0.092 -0.052 -0.201** 

  (-0.47) (-1.28) (0.066) (0.164) (0.464) (-2.48) 

- Switzerland -0.078 -0.181** -0.212** -0.0157** -0.110 -0.207*** 

  (-0.91) (-2.41) (0.016) (0.030) (0.154) (-2.67) 

- United Kingdom -0.125* -0.160** -0.186*** -0.154*** -0.135** -0.265*** 

  (-1.78) (-2.38) (0.007) (0.005) (0.031) (-3.79) 

- United States -0.071 -0.156** -0.179** -0.135** -0.098 -0.207*** 

  (-0.88) (-2.23) (0.018) (0.041) (0.140) (-2.85) 

Notes: This table contains the ATT using the baseline B&P-filter specification. All estimates are on the common 

support. For the bootstrap we use 1000 replications. *** p<0.01, ** p<0.05, * p<0.1 
1 Value for maximum distance of controls 
2 imposes common support by dropping # percentage of the treatment observations at which the propensity score 

density of the control observations is the lowest  
 

 

 



525243-L-bw-Eriksen525243-L-bw-Eriksen525243-L-bw-Eriksen525243-L-bw-Eriksen
Processed on: 19-10-2018Processed on: 19-10-2018Processed on: 19-10-2018Processed on: 19-10-2018 PDF page: 50PDF page: 50PDF page: 50PDF page: 50

DO HEALTHCARE FINANCING REFORMS REDUCE TOTAL HEALTHCARE 

EXPENDITURES? 
 

 

 

44 

 

 

Table A9: ATT estimates using different matching algorithms excluding individual countries 

(three year average change) 
Matching 

method 

 (1) (2) (3) (4) (5) (6) 

 Country 

excluded 

Radius  5-Nearest 

Neighbours 

with 

replacement 

Local Linear 

Regression, 

calliper=0.0051 

bootstrap se  

Kernel 

bootstrap 

se 

Kernel 

with 

trimming 

bootstrap 

se2 

Doubly 

robust 

Variables  (t-stat) (t-stat) (p-value) (p-value) (p-value) (se) 

Change in total 

HCE as % of 

GPD - 3 year 

average Australia -0.097 -0.131*** -0.132*** -0.120*** -0.102** -0.140*** 

  (-1.61) (-2.77) (0.010) (0.010) (0.050) (-3.09) 

- Austria -0.138*** -0.160*** -0.171*** -0.156*** -0.142*** -0.171*** 

  (-2.63) (-3.84) (0.000) (0.000) (0.001) (-4.38) 

- Canada -0.098 -0.124*** -0.130*** -0.118** -0.100* -0.139*** 

  (-1.63) (-2.65) (0.010) (0.011) (0.059) (-3.06) 

- Denmark -0.077 -0.112** -0.121** -0.104** -0.082 -0.129** 

  (-1.19) (-2.28) (0.026) (0.033) (0.133) (-2.58) 

- Finland -0.066 -0.105** -0.113** -0.097** -0.081 -0.118** 

  (-1.09) (-2.16) (0.028) (0.047) (0.128) (-2.50) 

- France -0.101* -0.102** -0.112** -0.120*** -0.102** -0.122*** 

  (-1.67) (-2.25) (0.023) (0.009) (-1.96) (-2.78) 

- Germany -0.104 -0.131*** -0.137*** -0.124** -0.106* -0.148*** 

  (-1.63) (-2.71) (0.009) (0.014) (0.051) (-3.21) 

- Greece -0.081 -0.123** -0.131** -0.115** -0.093 -0.141*** 

  (-1.14) (-2.34) (0.025) (0.034) (0.120) (-2.69) 

- Iceland -0.084 -0.121*** -0.130*** -0.117*** -0.100* -0.137*** 

  (-1.38) (-2.59) (0.010) (0.010) (0.051) (-3.05) 

- Ireland -0.099 -0.125** -0.131** -0.120** -0.101* -0.140*** 

  (-1.55) (-2.54) (0.015) (0.012) (0.060) (-3.04) 

- Italy -0.109* -0.127*** -0.131*** -0.118** -0.101* -0.148*** 

  (-1.81) (-2.72) (0.009) (0.012) (0.058) (-3.13) 

- Japan -0.089 -0.091* -0.095* -0.099** -0.089* -0.145*** 

  (-1.42) (-1.83) (0.061) (0.045) (0.095) (-2.73) 

- Netherlands -0.099 -0.124*** -0.131** -0.120*** -0.115** -0.136*** 

  (1.64) (-2.64) (0.011) (0.008) (0.024) (-2.95) 

- New Zealand -0.098 -0.124*** -0.130** -0.118*** -0.100* -0.139*** 

  (-1.63) (-2.65) (0.010) (0.007) (0.056) (-3.06) 

- Norway -0.097 -0.124** -0.131** -0.114 -0.094* -0.137*** 

  (-1.51) (-2.53) (0.011) (0.019) (0.091) (-2.89) 

- Portugal -0.119** -0.140*** -0.145*** -0.113*** -0.118** -0.153*** 

  (-1.99) (-3.02) (0.003) (0.004) (0.020) (-3.33) 

- Spain -0.100* -0.128*** -0.138*** -0.123** -0.117** -0.140*** 

  (-1.68) (-2.63) (0.009) (0.016) (0.030) (-3.03) 

- Sweden -0.076 -0.100** 0.111** -0.094* -0.075 -0.131** 

  (-1.12) (-1.97) (-2.09) (0.052) (0.175) (-2.52) 

- Switzerland -0.106* -0.138*** -0.139** -0.123** -0.098* -0.114** 

  (-1.65) (-2.80) (0.013) (0.013) (0.083) (-2.20) 

- United Kingdom -0.122** -0.129*** -0.140*** -0.126*** -0.120** -0.153*** 

  (-2.05) (-2.66) (0.004) (0.005) (0.020) (-3.37) 

- United States -0.099 -0.128*** -0.134*** -0.119** -0.101* -0.137*** 

  (-1.63) (-2.74) (0.008) (0.012) (0.059) (-3.01) 

Notes: This table contains the ATT using the baseline B&P-filter specification. All estimates are on the common 

support. For the bootstrap we use 1000 replications. *** p<0.01, ** p<0.05, * p<0.1 
1 Value for maximum distance of controls 
2 imposes common support by dropping # percentage of the treatment observations at which the propensity score 

density of the control observations is the lowest  
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Table A10: ATT estimates using different matching algorithms excluding individual countries 

(five year average change) 
Matching 

method 

 (1) (2) (3) (4) (5) (6) 

 Country 

excluded 

Radius  5-Nearest 

Neighbours 

with 

replacement 

Local Linear 

Regression, 

calliper=0.0051 

bootstrap se  

Kernel 

bootstrap 

se 

Kernel 

with 

trimming 

bootstrap 

se2 

Doubly 

robust 

Variables  (t-stat) (t-stat) (p-value) (p-value) (p-value) (se) 

Change in total 

HCE as % of 

GPD - 5 year 

average Australia -0.078* -0.112*** -0.100*** -0.098*** -0.083** -0.103*** 

  (-1.80) (-3.24) (0.008) (0.005) (0.028) (-3.31) 

- Austria -0.112*** -0.137*** -0.129*** -0.127*** -0.116*** -0.127*** 

  (-3.43) (-4.86) (0.000) (0.000) (0.000) (-5.13) 

- Canada -0.078* -0.110*** -0.098** -0.095*** -0.082** -0.100*** 

  (-1.81) (-3.22) (0.011) (0.005) (0.027) (-3.23) 

- Denmark -0.064 -0.101*** -0.092** -0.087** -0.069* -0.094*** 

  (-1.46) (-2.92) (0.021) (0.013) (0.067) (-2.82) 

- Finland -0.061 -0.096*** -0.087** -0.082** -0.070* -0.092*** 

  (-1.36) (-2.62) (0.039) (0.025) (0.067) (-2.72) 

- France -0.077* -0.093*** -0.081** -0.096*** -0.082** -0.089*** 

  (-1.79) (-2.82) (0.020) (0.004) (0.028) (-2.85) 

- Germany -0.076* -0.112*** -0.098** -0.096*** -0.081** -0.104*** 

  (-1.66) (-3.13) (-0.021) (0.007) (0.035) (-3.22) 

- Greece -0.062 -0.113*** -0.098** -0.094** -0.078* -0.103*** 

  (-1.25) (-2.95) (0.025) (0.021) (0.083) (-2.82) 

- Iceland -0.071 -0.110*** -0.098*** -0.096*** -0.083** -0.103*** 

  (-1.63) (-3.19) (0.008) (-2.74) (0.029) (-3.32) 

- Ireland -0.077* -0.109*** -0.097** -0.095*** -0.081** -0.099*** 

  (-1.69) (-3.04) (0.013) (0.008) (0.050) (-3.13) 

- Italy -0.086** -0.113*** -0.104*** -0.098*** -0.084** -0.112*** 

  (-2.00) (-3.31) (0.006) (0.006) (0.023) (-3.33) 

- Japan -0.069 -0.078** -0.074* -0.080** -0.076* -0.102*** 

  (-1.52) (-2.19) (0.052) (0.030) (0.053) (-2.64) 

- Netherlands -0.077* -0.108*** -0.095*** -0.097*** -0.096** -0.098*** 

  (-1.80) (-3.17) (0.010) (0.005) (0.012) (-3.09) 

- New Zealand -0.078* -0.110*** -0.098** -0.095*** -0.082** -0.100*** 

  (-1.81) (-3.22) (0.011) (0.006) (0.026) (-3.23) 

- Norway -0.068 -0.103*** -0.093** -0.090** -0.074** -0.097*** 

  (-1.50) (-2.90) (0.016) (0.011) (0.046) (-3.02) 

- Portugal -0.089** -0.119*** -0.105*** -0.100*** -0.086** -0.105*** 

  (-1.99) (-3.37) (0.004) (0.005) (0.031) (-3.22) 

- Spain -0.080* -0.114*** -0.105*** -0.103*** -0.103*** -0.102*** 

  (-1.87) (-3.21) (0.007) (0.003) (0.007) (-3.26) 

- Sweden -0.081* -0.102*** -0.090** -0.088** -0.077* -0.088** 

  (-1.67) (-2.76) (0.021) (0.015) (0.062) (-2.54) 

- Switzerland -0.080* -0.109*** -0.099** -0.089** -0.072* -0.066* 

  (-1.75) (-3.03) (0.018) (0.021) (0.068) (-1.93) 

- United Kingdom -0.084* -0.104*** -0.098** -0.091*** -0.089** -0.098*** 

  (-1.88) (-2.80) (0.011) (0.008) (0.020) (-3.07) 

- United States -0.084* -0.114*** -0.102*** -0.097*** -0.083** -0.100*** 

  (-1.94) (-3.36) (0.004) (0.006) (0.030) (-3.21) 

Notes: This table contains the ATT using the baseline B&P-filter specification. All estimates are on the common 

support. For the bootstrap we use 1000 replications. *** p<0.01, ** p<0.05, * p<0.1 
1 Value for maximum distance of controls 
2 imposes common support by dropping # percentage of the treatment observations at which the propensity score 

density of the control observations is the lowest 
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Table A11: Weighted-LSDV model of the effect of HCF reforms on total HCE 
 (1) (2) (3) 

VARIABLES Change in total HCE as % of 

GPD - 1 year 

Change in total HCE as % of 

GPD - 3 years average 

Change in total HCE as % of 

GPD - 5 years average 

    

Treatment=1 -0.228*** -0.142*** -0.090** 

 (0.069) (0.051) (0.038) 

Constant 0.182*** 0.142*** 0.129*** 

 (0.045) (0.028) (0.019) 

    

Observations 393 393 393 

Adjusted R2 0.306 0.313 0.329 
Robust standard errors in parentheses. *** p<0.01, ** p<0.05, * p<0.1 
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CHAPTER 3 

The Impact of Microcredit: New Results from a Microfinance 

Institution in Bolivia 

 

Abstract 

We present new results on the impact of microcredit from a Bolivian microfinance institution. With 

a study population consisting of nearly 2,000 households, we apply a double difference model in 

space to estimate the impact of credit. By comparing currently borrowers with potential future 

borrowers, we control for self-selection bias and programme placement bias. While limited impacts 

are found on the sample as a whole, substantial differences are found when investigating the two 

regions in the sample separately. In one region, we observe that the new loans does not increase the 

total outstanding loans of the households, and thus little impact are to be expected. In the second 

region, the loan to some extend finance a shift in agricultural activities towards business activities, 

as we observe a negative impact on agriculture results, but a positive impact on business revenues.  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Notes: This chapter is part of a project in collaboration with; Robert Lensink, Francesco Cecchi, 

and Paul Mosley.  
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3.1. Introduction 

Ever since the introduction of microcredit in the 1970s it has played a central role when it comes to 

combatting poverty in developing countries. It has been seen as promise to break the curse of poverty, 

and has rose in popularity, culminating in 2006 with the award of the Nobel Peace Prize in 2006 for 

its founder. It is common fact that a substantial part of the poor people in the world has no, or only 

limited, access to a formal credit source. Instead of formal credit, they depend on informal sources 

such as moneylenders or relatives (Collins et al., 2010). Such constrains may keep poor people 

trapped in poverty, and this is where MFIs enter the scene, providing loans to a target group which 

until then was seen as unsustainable business.  

 

Despite its popularity, it has been much debated how effective it actually is as a tool against poverty, 

as microfinance institutions (MFIs) all over the world are struggling with over-indebtedness of clients 

and repayment problems. In addition to that, more recent studies on microcredit have started to find 

less positive impacts or even negative impacts of microcredit (Banerjee et al., 2015). The initial 

studies investigating the impact of microcredit have been criticised for not dealing with selection bias 

in a proper manner, and hence have biased results, reflecting a much more positive impact of 

microcredit than it might actually be in reality. To overcome selection bias, randomized controlled 

trials (RCTs) has been applied by many studies as it comes with minimal assumptions.9 However, 

most studies cannot support a RCT, as they are either too expensive, or it is simply not possible to 

randomize, and therefore other non-experimental designs have to be implemented. RCTs, while 

delivering unbiased estimates of the treatment effect, may lead to a lack of precision (Cartwright and 

Deaton, 2016). Sometimes researchers would prefer to trade in some unbiasedness for better 

precision. A key research question is therefore if such non-experimental designs can adequately (and 

precisely) assess the impact of microcredit.   

 

We address this question by assessing the impact of a microcredit loan from a Bolivian Microfinance 

institution in the process of becoming a non-bank financial institution. We describe the changes in 

wellbeing that could be connected to these loans in a rigorous way. We apply a diff-in-diff model in 

space, comparing microfinance borrowers from the area where the microfinance institution (MFI) is 

currently active, with (potential) future borrowers, which enable us to control for self-selection and 

program placement bias. The borrowers are selected using an expansion plan provided by the MFI. 

                                                   
9 An issue of the American Economic Journal: Applied Economics specially focused on such RCTs (Angelucci, Karlan, and Zinman 

2014; Attanasio et al. 2014; Augsburg et al. 2014; Banerjee et al. 2014; Crépon et al. 2014; Tarozzi, Desai, and Johnson 2014). 
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These new branches would open near existing branches. Using this set up, we evaluate the impact of 

microcredit using a broad range of outcome variables. The contribution of this chapter is twofold. 

First, we come with new evidence of the impact of microfinance loans in Bolivia. Second, we apply 

and extend the methodology of Coleman (1999). Unlike Coleman, we had the additional challenge 

of having to forecast future borrowers, as the expansion plans were not certain. This complicates the 

estimation procedure, as generated regressors will be part of the main estimation equation. 

Furthermore, we forecast the composition of borrowers in the area where the MFI under study is 

already present, to indirectly control for endogeneity. Additionally, we apply state of the art 

techniques for the survey design and data collection. Collecting the data using electronic surveys 

enable us to append new data to existing data daily. Likewise, we can alter the survey almost 

immediately, if an error should be discovered. We designed the survey such that a substantial amount 

of individual information could be gathered.  

 

Next to our double difference methodology, we present a PSM approach as an alternative to estimate 

the impact of microfinance loans. We argue that due to the assumption underlying PSM it is not 

adequate to estimate the impact of microfinance loans in this set up. 

 

While the results for the overall sample reveals very limited impacts, our results points towards 

substantial differences across the two regions considered in our study. Households in the Yungas 

regions experiences a positive increase in other income, while households in the Chuquisaca region 

have a significant positive impact on business revenues. Despite observing negative impacts on 

agriculture and other income for households in the Chuquisaca region, the magnitude of the increase 

in business revenues makes up for the loss in the other sectors, indicating an overall positive effect. 

However, the results on the individual income components (business, agriculture and other), have not 

translated into a significant effect on the total income.  

 

The remaining of this chapter is organised as follows. The next section gives an overview of the 

Bolivian microfinance market, and the position of the MFI under study. Section 3.3 explain the survey 

design and the data collection. Here we also present a loan overview, and discuss the clients’ opinion 

about the MFI. We explain the details of our estimation strategy in section 3.4 and its subsections. 

Our analysis is presented in section 3.5, and section 3.6 discusses the results and concludes.  
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3.2. The Bolivian Microfinance Market and our MFI 

The roots of microfinance in Bolivia can be traced back to the mid-1980s when the country 

experienced a major economic and financial crisis characterized by hyperinflation and negative 

growth rates, especially during 1982-1986. One of the consequences of the hyperinflationary 

environment were that the population lost confidence in the formal banking system and that many 

people lost their jobs, providing ample room for microfinance institutions (MFIs) to offer their 

services. Moreover, the recession, aggravated by the structural adjustment programs of the IMF and 

World Bank from the late 1980s onward led to a strong reduction of formal employment in the mining 

industry and government, pushing people into self-employed, mostly informal, economic activities. 

This created a potentially large market for microfinance services. The government, as well as external 

donors, actively supported the development of a microfinance sector to enabling them to finance these 

micro-entrepreneurs (Marconi and Mosley, 2006).  

 

The initial MFIs were non-profit organizations (NGOs). Yet, in 1992 the first micro-bank, BancoSol 

entered the market.10 From the early 1990s the Bolivian microfinance sector experienced massive 

growth, which among other things was also stimulated by changing government regulations in 1995 

(Sucre Reyes, 2014). Between 1992 and 1997 there was a fifteen-fold increase in the number of 

microfinance clients. The evolving microfinance landscape comprised institutions with a diverse 

structure and service provision methodologies (Mosley, 2001). Moreover, microfinance turned out to 

be a profitable activity (Aguirre et al., 2013). BancoSol and Caja Los Andes were two of the major 

institutions driving the growth of the sector. The success of microfinance led to a rapid increase in 

the number of institutions entering the market, increasing competitive pressure and 

commercialization (Navajas et al., 2003). The increased supply of microcredit and the strong 

competition in the market led to over-indebtedness of many clients, which in the context of the ‘East 

Asian crisis’, which spread to Latin America at the millennium, and growing levels of social 

inequality ultimately led to a severe economic and political crisis, which also engulfed the 

microfinance industry during the period 1999-2003 (Marconi and Mosley 2006; Mosley 2012, Ch. 

12; Sucre Reyes, 2014). Yet, the industry recovered remarkably fast. During the 2000s MFIs further 

enhanced their activities and developed new activities such as new types of loans and savings 

                                                   
10 In that year, PRODEM, an NGO, was transformed into BancoSol. From the start, BancoSol was heavily sponsored by USAID, as a 

consequence of which there was no provision of complementary services (‘credit plus’) and a heavy emphasis on the rapid 

achievement of financial self-sufficiency. 
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accounts, money transfer services, etc. and they improved financial risk management and auditing 

systems. Moreover, they professionalized their staff. These developments all contributed to the strong 

development of the microfinance sector. Whereas in 1996, 136 MFI agencies were present in the 

country, this number had increased to 935 in 2013. The number of client borrowers rose from more 

than 435,000 to more than 776,000 between 2004 and 2013, which means that currently almost 65 

per cent of all borrowers of Bolivia’s financial system as a whole, and 8 per cent of the total 

population, have access to a loan from an MFI. The annual average growth rate of loans (deposits) 

during the same period was 24.0 (27.6) per cent; formal commercial banks saw their loan portfolio 

(deposits) grow by only 10.9 (13.5) per cent during the same period. 

 

Like many other MFIs, the main activity of the MFI we analyse  refers to providing financial services, 

but distinctively mainly in the form of agricultural loans for working capital and investment purposes, 

a sector from which most microfinance providers have tended to shy away because of the variability 

and unpredictability of the income flows which it generates. With total assets of almost 339.8 million 

bolivianos as of October 2015, the MFI can be seen as small to medium sized competitor, although 

experiencing rapid growth. The MFI is active in several provinces in Bolivia and provides their loans 

through a network of 25 branches which more than 20,000 clients of which roughly 50% are female. 

Table 1 below provides additional information about the MFI under study and other MFIs on the 

Bolivian microfinance market that are included in the FinRural dataset.  

 

Table 1: Overview of Bolivian (nongovernmental) MFIs 
 MFI1 MFI2 MFI3 MFI4 MFI5 MFI6 MFI7 MFI8 MFI9 MFI 

under 

study 

Total actives  

(in 1000s 

Bolivianos) 

42,190 33,978 29,800 1,573 7,078 22,614 24,735 681 24,353 19,498 

Total clients 15,756 159,809 67,693 9,765 5,127 39,441 13,311 2,535 111,394 20,334 

% female 

clients 

39.10 79.91 54.06 70.38 57.64 72.22 35.97 48.48 90.61 51.31 

% individual 

loans 

0.99 39.10 27.52 71.71 2.19 50.75 88.39 100.00 10.13 30.00 

Note: Bolivian MFIs are divided into three groups according to their organizational model: banks; non-bank financial 

institutions licensed to accept savings deposits; and nongovernmental microfinance organisations (NGOs). This table 

only lists organisations in the last of these groups. Source: FINRURAL dataset. 
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From the table, it can be seen that 30% of the total loans provided by the MFI are individual loans, 

meaning that 70% of all loans from the MFI are group loans. The percentage of individual loans 

among the MFIs differs a lot; the MFI seems to have a moderate amount of individual loans.11 

   

The MFI under study also employs some activities that differentiate them from other MFIs. An 

important component of the interventions consists of providing TA to (a sub-group) of its clients. 

Moreover, the MFI aims to improve market access of its clients, e.g. by providing low interest loans 

to clients who have a contract with a buyer of their product (e.g. dairy plants). 

 

As Bolivia is a big country with big differences between the areas, it is important to understand the 

areas in which the MFI is operating before continuing. Figure 1 below displays a poverty map 

including the current locations were the MFI, is operating, relevant for this chapter.  

 

  
Figure 1: locations of the MFI in Bolivia 
Source: World Bank, Pobreza y desigualdad en municipios de Bolivia, World Bank/UDAPE/INE, 

2001. 

 

                                                   
11 Whether the loan provided by the MFI under study was a group loan or individual loan is not considered in the analysis conducted 

in this chapter. 
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The two towns we consider for this study are Coroico and San Lucas in the Yungas region and 

Chuquisaca region respectively. Coroico is situated to the north east of La Paz, and lies down in the 

tropical valleys. Due to the tropical climate of the Yungas region, coca can be grown. Coca is an easy 

crop to cultivate and has a high market price, making it an attractive crop. Farmers therefore wish to 

borrow more capital to invest into coca plantations. Not surprisingly, coca plantation is therefore the 

main activity of the majority of the households in Coroico and the surrounding areas. San Lucas is 

located south of Sucre in the Chuquisaca region and is very poor. The town is poorly connected to 

other towns, and being situated high above sea level, the climate is dry and vegetation is poor. San 

Lucas and its surrounding areas therefore offers less favourable conditions for farmers. Investment 

towards farming is therefore much less in this area compared to Coroico. Most households choose to 

invest in livestock rather than crops as a result of the drier climate.    

 

3.3. Survey design and data 

3.3.1. Construction of the baseline questionnaire 

The baseline survey used to collect the data was constructed by Robert Lensink, Francesco Cecchi 

and Steffen Eriksen at the University of Groningen. The process of constructing the survey began on 

May 1st 2015. We started by gathering all recent microfinance surveys available, including the 

questionnaires used in the main randomised controlled trials conducted during the last five years 

(Banerjee et al. 2015, Attanasio et al. 2015, Angelucci et al. 2015). Based on these existing 

questionnaires, the first list of potential survey blocks was written down. The different survey blocks 

aimed to gather information on financial status, asset holdings, business and agricultural activities, as 

well as information on various socio-demographic factors. The basic structure for each of these 

sections were carefully constructed based on the selection of state of the art surveys. Each of the 

sections was then reviewed and customized to fit the purpose of the study. In particular, special 

attention was paid to the financial sections, including a separate section focusing on the MFI under 

study. The first prototype of the paper survey consisted of a total of 15 different blocks. The length 

of each of these blocks, and thus the overall length of the survey, was carefully measured, such that 

the time it takes to complete the survey would not go above one hour and thirty minutes.     

 

After finishing the first prototype of the paper version of the survey, the survey was converted into 

an electronic version compatible with Open Data Kit (ODK). We opted for using ODK and electronic 

surveys in general, as a vast amount of potential data problems can be avoided and thus improve the 

overall quality of the data. Firstly, obscure entries will be reduced to a minimum, such as unrealistic 
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ages, negative asset values and extreme prices. Secondly, depending on the answers of the respondent, 

certain sections can automatically be skipped, thus avoiding unnecessary information to be collected 

and thereby speed up the data collection process. Lastly, as the data collection proceeds, merging the 

data together can be done swiftly, thus enabling the data management team to evaluate the data on a 

daily basis. Should errors be discovered, corrections to the survey can then be completed 

immediately, such that, starting from the next day of data collection, the error should no longer occur. 

Should collecting the surveys electronically become inaccessible, a paper version of the survey was 

available as a backup. A copy of the paper survey is available upon request. 

 

After a few test interviews using the prototype survey, and further corrections were made, the survey 

was translated into Spanish. This enabled us to use run a pilot in Bolivia, in surroundings similar to 

the areas where the actual data collection would take place. Upon completion of the pilot, the survey 

was further adjusted, correcting the errors found during the pilot. At this stage, the baseline survey 

was ready for the actual data collection.  

 

3.3.2. Data collection 

We asked the MFI to identify areas which could be targeted for a future expansion. Both for the near 

future (2016-2017) and for a more distant future (2018-2019). We received a list of branches opening 

between 2016-2017 and 2018-2019. We defined an expansion vector as an agency (existing branch) 

that had a potential nearby opening in 2016-2017 (new branches) and one opening in 2018-2019 

(future branches). This follows the MFIs view, since they would only open a branch in an area close 

to an existing one. This is done to ensure a client base as clients located in the periphery of the existing 

branch, would move to the new branch. We selected the two expansion vectors that where more 

coherent in terms of main agricultural products produced by borrowers, and by distance. The two 

expansion vectors selected were the existing branches of Coroico (1) and San Lucas (2) located in 

the regions of Yungas and Chuquisaca, respectively. According to the MFI, the new branches that 

would open close to these existing branches are Chulumani (1) and Villa Charcas (2). Future 

branches, associated with these existing and new branches would include Irupana (1) and Camargo 

(2). In this way, it appears possible to construct appropriate control groups of households. Originally, 

the plan was to include a total of three expansion vectors. However, it was decided to only select two 

expansion vectors for logistic and cost reasons. Using fewer expansion vectors might reduce external 

validity. One the other hand, using fewer expansion vectors, we could increase the sample size in the 

remaining expansion vectors, thus increasing sample power. 
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Initially, we decided to visit 25 communities in the areas of each of the existing branches, 20 in each 

of the areas where a new branch would open, and 5 in each of the areas where a future branch would 

open. In each community, we carried out stratified randomization. For communities associated with 

a new and future branch, respondents were randomly chosen from a list of all inhabitants of the 

community, up to a total of 20 respondents per community. In the communities associated with an 

existing branch, 15 of the respondents were planned to be randomly selected from a client list. The 

remaining 5 would be randomly selected from a list of people living in the community. The 25-20-5 

community split was skewed towards the existing branch to give a higher weight to the existing area. 

 

Communities were randomly selected among a list of communities that are more than 15 minutes and 

less than 105 minutes away from the centre of the larger town, as estimated by local key informants. 

These parameters are chosen to include the largest portion of clients who live in rural areas (clients 

rarely live more than 105 minutes away by car). 

 

At the first site of data collection (Coroico expansion vector), we initially met resistance by local 

trade unionists with respect to carrying out interviews in the municipality of Chulumani. We therefore 

decided to start with Irupana, and leave Chulumani for later. Eventually an agreement was found with 

Chulumani leaders, and we were allowed to carry our interviews there. Meanwhile, we had already 

carried out interviews in 8 communities in Irupana. We therefore decided to change our initial 

community split to a 25-17-8, also in the San Lucas expansion vector. The new strategy actually has 

a slightly better distribution of weights. We believe this did not affect the quality of our analysis. 

 

Prior to the data collection, the enumerators received detailed instructions and thorough training in 

collecting data using ODK, to help reducing the collection time, ensuring that a survey would take 

no longer than ninety minutes to complete. Once the enumerators were trained, and following a pilot 

in Mecapaca in July 2015, the data collection was rolled out the following month in Coroico. On each 

day, two communities were selected for surveying, from which approximately 20 randomly selected 

households were asked to participate in the survey. Upon completion of the interview, each 

respondent was given 20 bolivianos as compensation for their time. As shown in table 2, in total 1,994 

household surveys were collected. 
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Table 2: Overview of sample 

Area Number of communities Number of households 

Coroico 25 493 

Chulumani 17 344 

Irupana 8 153 

San Lucas 25 499 

Villa Charcas 17 342 

Camargo 8 163 

Total 100 1,994 

 

The number of observations per area was almost entirely equal to the pre-specified plan. In three of 

the areas, too few observations were collected (Coroico, Irupana and San Lucas), whereas in the three 

other areas, too many observations were collected (Chulumani, Villa Charcas and Camargo. With a 

pre- specified plan of surveying 2,000 households, being off by six households is quite successful.12   

 

Upon completion of the data collection, and all the data from the two regions was merged, the data 

could be prepared for the analysis. The data management team carefully worked through each 

variable to check for potential errors. As with all self-reported data, we rely on the ability of the 

respondents to correctly recall information, being about themselves, other household members, their 

business and agricultural activities. The electronic survey method, the training of the enumerators, 

and the repeated checking of the data management team are all important components to ensure the 

best possible data quality. However, despite the careful approach, some information was still deemed 

too noisy, and additional measures was applied. One of such measures regarded the sales price of the 

farmers’ agricultural products. During the survey, farmers were asked to report at what price they 

sold last time. The information reported by the farmers was replaced with the average price, as 

reported by OAP.13  

 

During the data collection, we encountered some problems, complicating the data collection process. 

One of the first problems we ran into were the client lists. The idea was that an up-to-date list of 

clients would be provided, based on which communities with a sufficient number of clients would be 

selected. However, these lists appeared not to be up-to-date. People who were on the list, claimed 

they never had a loan from the MFI, and people who were not on the list, claimed they had a loan by 

                                                   
12 Despite the official language being Spanish, language barriers were encountered, as some respondents only spoke Quechua, or only 

a limited amount of Spanish. To overcome this, we used local volunteer translators. Only occasionally we could not find any available 

Spanish speaker, resulting in a few respondents being excluded from the sample.  
13OAP is a national database that provides the average price of any crop for each region of Bolivia. The database of Observatorio 

Agroambiental y Productivo can be found here: http://www.observatorioagro.gob.bo:8080/birt/report/index.jsp# 
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the MFI. Therefore, reaching the threshold of 15 clients in the communities associated with an 

existing branch was often not reached. Similarly, the list of the inhabitants of the community was not 

always accurate. The list of households in the community was provided by the local community 

leaders. However, these lists only included households who contributed to community works.14 We 

therefore added the remaining household missing from this list in corporation with the community 

leaders. We then cross checked the list with other local key informants to ensure that the list was up-

to-date. 

 

That Chulumani proved to be difficult to survey was very likely due to the large coca production in 

the area. Coca production is an important source of income, but is only legal to a certain extent, and 

not all coca business by any means is legal business. People are therefore very reluctant to give 

information about their economic situation, their production, and the income they generated by coca.  

Hence, it should be kept in mind that the data concerning coca production might be subject to possible 

measurement error due to over/under reporting income from coca. 

 

Bolivia is a country known for its substantial microfinance industry, and it would therefore be of 

interest to see if households also have additional loans. Considering table 3, we observe a total of 312 

households who have a loan from the MFI under study.15 In the first expansion vector (the Yungas 

region), the share of households having a loan is considerable higher than in the Chuquisaca region. 

Specifically, in Coroico and Chulumani, the share is more than 70 and 60 percent, respectively. These 

differences in number of loans, are likely to arise from the differences in climate between the two 

regions. The Yungas region has a more tropical climate, and is therefore an area where coca can be 

grown. Coca is an easy crop to cultivate and has a high market price, making it an attractive crop. 

Farmers therefore wish to borrow more capital with the aim of investing into coca. The Chuquisaca 

region, on the other hand, is drier and offers less favourable conditions for farmers. Also, the number 

of households with only a loan from the MFI under study differs considerably between the two 

regions. In Coroico, 76 of the 493 surveyed households have only a loan from the MFI under study. 

In San Lucas, 115 of the 499 households only have loans from the MFI under study. Furthermore, 

there are generally more households in the Yungas region that has one or more loans from MFIs or 

other official sources, as can be seen from table 3. 

                                                   
14 Having only households on the community list, who contributed to community works is the traditional definition used in Bolivia. 

We use a broader definition of community, including, among others, elderly people and people who temporarily migrated to the area.  
15 Some households have more than 1 loan from the MFI. There are 335 loans spread over 312 households. However, we do not 

differentiate between households with 1 or more loans.  
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In addition to the number of loans for each of the areas, panel b reports the average loan size of the 

loan provided from the MFI under study. The average loan size as given by panel b, states that overall 

average loan size is 1895 bolivianos or about 274 USD. However, we observe that the average loan 

size for the loans provided in Coroico is more than twice the average loan size of the loans provided 

in San Lucas, namely 2796 (404 USD) compared to 1006 (145 USD). This follows well with the 

climate argument explained above. Furthermore, the population in the Yungas region is generally 

richer than their Chuquisaca counterpart. Hence, the higher average loan size in the Yungas region is 

not surprising.   

 

Table 3: Loan overview 

 Yungas region Chuquisaca region  

 Coroico Chulumani Irupana San Lucas Villa Charcas Carmago Total 

Panel A: Loans        

No loans 144 138 83 322 272 97 1,056 

Only loans from the MFI 76 0 0 115 0 0 191 

Also other loans 117 0 0 4 0 0 121 

Only other loan 156 206 70 58 70 66 626 

Total 493 344 153 499 342 163 1,994 

Panel B: MFI under study loans         

Average loan size (bolivianos) 2,796 - - 1,006 - - 1,895 

 

Table 4 presents the clients rating along with the percentage of people in each area who know the 

MFI prior to the survey. While the percentage of people knowing the MFI is relatively high in the 

area of the existing branches (Coroico and San Lucas), the percentages are zero or close to zero in 

the remaining areas.   

 

Overall, borrowers appear satisfied with the products, when consulting the client ratings. The clients 

in both regions are overall quite satisfied with the speed of loan disbursement, the credit officers and 

the desk service. However, they are not satisfied with the interest rate offered. Scoring only 0.06 in 

Coroico and 0.28 in San Lucas. This signals that the interest rate asked by the MFI under study might 

be higher compared to other loan alternatives, and the MFI under study therefore might not be the 

first choice. This may also be the result of the fact that MFIs, which are transformed to a non-bank 

financial institution, are faced with an interest rate cap set by the government. This certainly poses 

problems for the MFI under study. An important thing to note, is that the client ratings in San Lucas 
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are consistently higher those for Coroico. This might help explain why the share of households with 

only a microfinance loan is much higher in San Lucas.  

Another thing to keep in mind is the general tendency that clients tend to be less satisficed when there are 

more MFIs present. The MFIs to choose between and hence more products to choose between, can make 

clients more picky in the sense that if they see a lower interest rate elsewhere, they would wonder why 

they cannot get the same interest here.  

Table 4: Client ratings  
 Yungas region Chuquisaca region 

 Coroico Chulumani Irupana San Lucas Villa Charcas Camargo 

Knew MFI before 86.61% 7.27% 3.27% 52.51% 0.00% 0.00% 

How satisfied are you with:       

The speed of loan disbursement 0.70 - - 0.73 - - 

 The interest rate  0.06 - - 0.28 - - 

The credit officers 0.77 - - 0.93 - - 

The desk services offered  0.72 - - 0.83 - - 

Notes: Rates are:0 (Not satisfied), 1 (satisfied). 

 

3.4 Estimation Approach  

The objective of this chapter is to describe the changes in wellbeing that could be attributed to 

receiving a loan from the MFI. The challenge in any impact evaluation is to isolate the causal effect 

of the intervention from other determinants of wellbeing (Armendariz (2010)). When comparing the 

situation of households before or after an intervention, the observed changes in outcome variables 

cannot solely be attributed to the loan obtained from the MFI, as there are many other changes in the 

environment of the respondents during the time of the intervention. Comparing households who 

received a loan with a control group consisting of households who did not receive a loan does not 

necessarily provide the solution. The main problem is that members self-select. A potential client 

must decide if he or she wants to obtain a loan. It is therefore likely that there are significant 

differences between clients, and non-clients. The treatment group, that is, households who received 

a loan, could for instance have been wealthier than the households in the control group at the time of 

the study or vice versa. To the extent such factors can be observed, they can be controlled for when 

estimating the impact of having a loan. However, if such differences cannot be observed (e.g. 

trustworthiness, entrepreneurship), a straight comparison between clients and non-clients will give 

biased estimates of the impact of micro loans. The reason that these unobservables bias the results is 
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because that these same unobservables that lead the households to become clients, will also affect our 

impact measures.   

 

Next to self-selection bias, program placement bias is also frequently observed in evaluation studies. 

An upward bias arises when MFIs choose regions that are already doing well. Similarly, a downward 

bias will arise when MFIs choose a disadvantaged area. That is, MFIs target their branch openings 

purposely at specific, often disadvantaged, areas. If the control group’s physical, economic and social 

environment does not match that of the treatment group, this will result in differences not caused by 

the intervention and thus bias any estimates of impact. 

 

The preferred approach to overcome these issues is to conduct a RCT. Before the program starts, two 

groups will be created at random. One group will receive the treatment (treatment group) while the 

other group will act as a benchmark (control group). Because of the randomization, the members in 

the control group represent the members in the treatment group. After the treatment has taken place, 

both groups can be compared on the outcomes of interest. Differences in outcomes can now solely 

be attributed to the treatment. However, creating two groups at random, a necessary step for RTCs, 

is not always possible because of the program implementation or ethical reasons. 

 

In practice, most microcredit programmes cannot support random assignments, and therefore limit 

the scope of RCTs. As randomization was not possible, we will have to look elsewhere for an 

approach to measure program impact. Instead of looking at the impact of the microcredit loans, we 

could look at the intention to treat (ITT). By using the availability of the microcredit loan as our ITT 

variable, we can address the selection on observables issue. If we are willing to assume that within 

each of the two regions in our analysis (Yungas and Chuquisaca), that the current area and expansion 

areas are similar, that is, no program placement bias, then the ITT estimator would make sense. 

However, in our setting, this assumption is difficult to make, and we are facing the additional problem 

that the expansion areas are not randomly chosen, by rather following a pre-specified plan from the 

MFI. An ITT approach is therefore not appropriate. An alternative approach would be propensity 

score matching.16 To estimate the ATT, the PSM estimator relies on the assumption of 

unconfoundedness (Rosenbaum and Rubin (1983b). This assumption assumes that we have a set of 

(observable) characteristics, such that the outcome variable(s) is independent of the treatment 

                                                   
16 The PSM approach is discussed in greater detail in the appendix to this chapter. Here we only review it very briefly. 
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indicator, controlling for these observable characteristics. This set of covariates can be summarized 

into a propensity score, i.e. the probability of a household to have a loan, which we can use to match 

households who are currently active borrowers with households in the expansion area. That is, for a 

PSM analysis, only the sample of current borrowers, and households from the expansion areas will 

be considered. Despite the PSM strategy being appealing in terms of reducing possible selection bias, 

it still has its drawbacks. The main drawback lies in the main assumption underlying the PSM 

approach, namely the unconfoundedness assumption. As briefly explained earlier, the assumption 

states that once we control for all our observable characteristics, no unobserved characteristics 

influences both the treatment and possible outcome. However, there is reason to believe that the 

assumption of unconfoundedness is not satisfied, or to the very least, that there are identification 

strategies, which assumptions are more plausible. Under the unconfoundedness assumption, we are 

basically believing that once we control for our observables, that there are no (relevant) unobserved 

differences between the households who are active borrowers, and the households in the expansion 

areas. Yet, it is very likely that the areas are different from each other in some aspects, whether it is 

physical, economic or social environment. In other words, program placement bias is likely to still be 

present. We therefore suspect that the PSM results are subject to bias.17       

 

To improve on this, the methodology we propose follows and extends Coleman (1999). It basically 

comes down to estimating a diff-in-diff model in space rather than in time, which is the common diff-

in-diff set up. The approach of Coleman builds on the application of a unique survey design, rather 

than applying an existing and exogenously imposed membership criterion to identify the impact of a 

microcredit program.18 This unique survey design made him able to estimate a specification which 

can be measured using straightforward econometric techniques to measure impact. He made use of a 

characteristic most MFIs/village bank programs possess. That is, they start small and then gradually 

expand their operation into other areas. You can therefore often pre-identify new areas which soon 

would have access to the intervention, and allow households in these areas to self-select into the (as 

not yet present) intervention, thereby knowing what households would become new members. At the 

                                                   
17 Despite the drawback of the PSM approach, we present in the appendix to this chapter, a more detailed explanation of the PSM 

approach, along with the result of our analysis applying PSM. 
18 In the paper of Pitt and Khandker (1998), such an exogenously imposed membership criterion was imposed, in the form of 

availability of a credit program. They sampled members and non-members from villages with a program, and randomly selected 

households from villages without a program. To overcome the potential program placement bias they used village fixed effects 

estimation to control for unobserved differences between villages. However, these village dummies that identify fixed effects would 

be collinear with program availability, and they therefore also sample households in program villages which are exogenously 

excluded from the programs. Households in the programs used in their study, are excluded if they had more than a fixed amount of 

assets. This issue is discussed in greater depth in Morduch (1998). 
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same time, a random sample of areas where the program already exists can be selected. The ‘control’ 

households are then likely to share, on average, the same unobservable characteristics as the 

‘treatment’ group who had already benefitted from access to loans.  

 

To reduce potential self-selection and program placement biases, we measure the impact of micro 

loans, by comparing existing borrowers with (possible) future borrowers. Unlike Coleman, we do not 

know with certainty who will borrow in the future. We face the challenge of having to forecast future 

borrowers, since it is currently unknown who will become a future borrower. We therefore asked to 

identify areas which would be targeted in the future. With this information, we could select two 

expansion vectors, based on the existing branches of Coroico (1) and San Lucas (2). The new 

branches would open close to these existing branches in Chulumani (1), Irupana (1), Villa Charcas 

(2) and Camargo (2). Had we only used information from a currently active area; That is, only 

compared current clients with current non-clients, our results would have suffered from self-selection 

bias, as we are unable to control for the characteristics that caused the groups of households to take 

up a micro loan. Suppose now that we have just compared current MFI clients with current non-MFI 

clients from the expansion area. Doing so, would have caused programme placement bias since the 

physical, economic and social environment of the control group would not have matched that of the 

treatment group.19 Hence, by sampling from an area were the MFI is active, including both clients 

and non-clients, and from an expansion area, where we can forecast (potential) future microfinance 

borrowers, we can control for self-selection and programme placement bias.  

 

To forecast the would be borrowers, we use an out-of-sample estimates based on a logit model that 

explains who is, and who is not, currently borrowing from the MFI. That is, first we estimate a logit 

model using as sample, the areas where the MFI is currently active. In these areas, the composition 

of clients and non-clients is known, and we thus estimate their characteristics to be able to predict the 

composition of clients and non-clients in the expansion area. Thus, using the predicted values from 

the logit model, we forecast the composition of clients and non-clients in the expansion regions 

(Chulumani and Irupana for Coroico, and Villa Charcas and Camargo for San Lucas).  

 

After forecasting the would be borrowers, we would end up with a total of four different groups: A, 

B, C and D. Group A would consist of predicted would be clients from the area where the MFI is 

                                                   
19 Again similar to the problem that Pitt and Khandker (1998) faced. 



525243-L-bw-Eriksen525243-L-bw-Eriksen525243-L-bw-Eriksen525243-L-bw-Eriksen
Processed on: 19-10-2018Processed on: 19-10-2018Processed on: 19-10-2018Processed on: 19-10-2018 PDF page: 71PDF page: 71PDF page: 71PDF page: 71

IMPACT EVALUATIONS, BIAS, AND BIAS REDUCTION 

 

 

 

65 

 

 

currently active. Group B would contain the predicted non-clients from the area where the MFI is 

currently active. Predicted would be clients from the expansion regions would make up group C. 

Finally, group D would have the predicted would not be clients from the expansion regions. The 

treatment group thus consist of all the predicted would be clients from both areas, while the control 

group consists of all the predicted would not be clients from both areas. The treatment and control 

households are likely to share, on average, the same unobservable characteristics following this 

approach. Figure 2 visualizes the construction of these four different groups. This procedure is done 

for the overall sample, as well as for each of the two regions separately.  

 

After forecasting the potential future borrowers, we can then estimate the following double difference 

equation: 

      𝑌𝑖𝑗 =  𝛼 + 𝛽 ∗ 𝑋𝑖𝑗 + 𝛿 ∗ 𝑇𝑎𝑘𝑒𝑈𝑝𝑖𝑗 + 𝛾 ∗ 𝐴𝑐𝑐𝑒𝑠𝑠𝑖𝑗 +  𝜃 ∗ 𝑇𝑎𝑘𝑒𝑈𝑝𝑖𝑗 ∗ 𝐴𝑐𝑐𝑒𝑠𝑠𝑖𝑗 + 휀𝑖𝑗     (1) 

 

where Y refers to a vector of outcome variables of household i in location j. Different outcome 

variables are distinguished, such as income, expenditures, sales, profits etc. X refers to a vector of 

controls, covering household characteristics, household head characteristics, and village effects; Take 

up is a client dummy variable, which is one if household ij self-selects into a loan (in an existing 

branch) and a predicted would be household in locations around the new and future branches, and 0 

otherwise; Access is a dummy variable equal to 1 if a self-selected household already has access to 

loans, and 0 otherwise. The Take up dummy can be thought of as a proxy for the unobserved 

characteristics that would lead to self-selection into loans. Access is a dummy variable that measures 

the availability of loans for the group of self-selected borrowers. Access is exogenous to the 

household. 휀 is the error term. In this specification, θ measures the average impact of loans on 𝑌𝑖𝑗. 

With this specification, the correlation between 𝐴𝑐𝑐𝑒𝑠𝑠𝑖𝑗and 휀𝑖𝑗 due to self-selection at the household 

level is removed because the unobserved household characteristics are captured by 𝑇𝑎𝑘𝑒𝑈𝑝𝑖𝑗.20 

 

 

 

 

 

                                                   
20 This approach implicitly assumes that there are no spillover effects to non-clients in the areas where there is access to loans. 

Should such effects exist, they are captured by the village effects included in (2) rather than the program effects.  
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1) Original sample: 

Current MFI area     

 Expansion area 

  

 

A. Current MFI clients        

C. Households with no  

Access to microloans                                                                            

 

B. Current non-MFI clients 

 

 

 

 

     Estimation sample for logit (A+B) 

 

2) Use logit estimates to predict take up in both the current and expansion area: 

 

Current MFI area    Expansion area 

 

A. Predicted MFI clients                C.  Predicted MFI clients 

 

 

B. Predicted non-MFI clients                D. Predicted non-MFI clients 

 

 

Figure 2: Construction of treatment and control group. 

 

Since 𝑇𝑎𝑘𝑒𝑈𝑝𝑖𝑗 is a generated regressor, we use bootstrap to approximate standard errors, for each 

of the regressions, based on the sampling data.21 That is, we perform a nonparametric bootstrap 

estimation by re-sampling from the original data. For a proper normal approximation, we performed 

1,000 replications. Furthermore, the standard errors are clustered by communities to control for 

intraclass correlation between the communities (Cameron et al., 2008).22 When clustering the 

standard errors while bootstrapping, the sample drawn during each of the replications, is a bootstrap 

sample of clusters. 

 

                                                   
21 The problem of obtaining correct inference when using generated regressors in two-stage models is well known (McKenzie and 

McAleer (1994)). Using non-parametric bootstrap has shown to improve statistical efficiency in the second-stage equation (Simar 

and Wilson (2007)).   
22 We cluster at communities as this is the highest level of nested clusters in our dataset which provides enough clusters. 
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Despite of applying our above described double difference methodology, uptake might still be 

endogenous. That is to say, we believe that take up not yet plausibly reflects the causal relationship 

with our outcome variables. We therefore proceed by also predicting uptake in the active MFI region, 

such that uptake is predicted in all areas. Relating to equation (1), and figure 2, we forecast 𝑇𝑎𝑘𝑒𝑈𝑝𝑖𝑗 

in both the current MFI area, and in the expansion area.  By also forecasting the composition of 

borrowers and non-borrowers in the region where the MFI is currently active, we can indirectly 

control for endogeneity. Note, that if the prediction of the borrower/non-borrower composition in the 

current region would be perfect, it would be the same as if we have used the actual borrower/non-

borrowers.23,24 

 

When applying a variant of the methodology proposed by Coleman (1999), where we additionally 

forecast the composition of borrowers and non-borrowers in the expansion areas, there are two 

important assumptions we are making. First, we are assuming that the selection between the treatment 

and control group caused by unobserved factors are the same across the current area and expansion 

area. That is, where in a standard difference-in-difference model in time, we would assume that all 

unobserved characteristics are time invariant, where here assume that they are ‘space invariant’. 

Second, when we are estimating take up from an area where the MFI is already active, to help correct 

for self-selection, we have to assume that there is no correlation between unobserved characteristics 

from the take up equation, and the observed ones in the outcome equation (equation (1)). Otherwise, 

the coefficients we obtain in the take up equation will be biased to begin with.       

 

3.4.1 Prediction model 

To secure the best prediction as possible, it is important to only include truly exogenous variables in 

the logit model we use to predict clients. That is, we want to include variables which can help explain 

a household’s decision to become a client, without being affected by the client status itself (i.e. a loan 

from the MFI). The variables we have included in the model consists of: socioeconomic 

characteristics, and geographical variables, and overall covers a wide range of different characteristics 

which can help predict a household’s decision to take up a loan by the MFI. This prediction model is 

estimated a total of three times. Once for the overall sample, in which households from both the 

Yungas and Chuquisaca region are included, and once for each of the two regions. Had we applied 

the results from the prediction model based on the overall sample to the analysis of the individual 

                                                   
23 The results using the actual clients in the areas where the MFI is currently active, is available upon request.  
24 The STATA program written to implement the methodology explained here is available in the appendix.  
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regions, we would have committed an error. Since the underlying sample for each of the estimation 

is different, the division of households predicted to take up and not take up loans from the MFI under 

study, would be different. Thus, it is important that the prediction model is estimated on the same 

sample as considered for the analysis.   

 

Our list of socioeconomic characteristics is comprised of many types of characteristics. It includes 

characteristics of the household head such as age, gender and the years of completed education. 

Variables which provides information of the general composition of the household have also been 

includes. This includes the number of household members, the share of females in the working age 

in the household, and dependency ratio. This ratio shows the ratio of household members who are 

under 16, or over 65.  We have also included variables which can help determine the financial status 

or wealth of the household. An indicator for having another loan has been included. We believe that 

a household which already has a loan, should be less likely to take up a loan from the MFI under 

study. A household asset index25 has also been included along an indicator of house ownership. It is 

important to note that we do not see these variables as endogenous, although loans in theory could be 

used to purchase household assets, or buy a home. The reasoning is the loan strategy by the MFI. The 

MFI aims to provide loans solely for purpose of being invested in either agriculture or household 

businesses. Of course, in turn, the household can through investment into their farming and/or 

household business gather enough wealth to buy a house and/or household asset(s). Other wealth 

measures such of animal stock cannot included, as this can be seen as endogenous. The number of 

animals a household owns can be directly affected by the treatment status, as part of the loan strategy 

is to provide loans for agricultural purposes.  

 

An important predictor for loan taking, is the household’s degree of risk aversion. Respondents who 

are more risk taking, is also regarded more likely to take up a loan. This variable was measured 

through participation in a small game we have designed, which took place at the end of the survey. 

We regarded respondents, who decided to play this game more risk taking than respondents, who 

decided not to play. Next to the measure of risk aversion, an indicator for distress was added. 

Households who have experienced any shocks would be more likely to take up a loan. These shocks 

could be flood, drought, illness and more. The remaining variables included in the prediction model 

                                                   
25 Household assets are typically divided into two groups: productive and physical. Productive assets can generate income without 

being sold off, whereas physical can only generate value when sold off. We only consider physical assets when constructing this 

index.   
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is of a geographical nature. First, we included a measure of distance to the nearest market or trading 

centre. Second we included, a dummy for the region the household is located in. There are two regions 

in our study; the Yungas region and the Chuquisaca region. This variable is for obvious reasons not 

included, when the analysis is conducted for the individual regions. Lastly, we included a dummy for 

each of the communities in the access area. That is, a total of 50 community dummies are included, 

25 from Coroico and 25 from San Lucas.26 When conducting the analysis for the separate regions, 

only the community dummies corresponding to that region are added to the model.  

 

Aside from being exogenous, the variables included in the model also need to add value in terms of 

predictive power. The extent to which the variables add to the predictive power of the model can be 

observed from the logit regression output. Table 5 below gives the estimation output for the logit 

model. Like explained in the previous section, the estimation sample includes households located in 

the areas where the MFI is currently active. That is, the sample includes all households from the areas 

of Coroico and San Lucas when we consider the overall sample;  households only located in Coroico 

for the analysis of the Yungas region; and households only located in San Lucas for the analysis of 

the Chuquisaca region. This gives a total sample of 990 households for the sample including both 

regions, and a sample of 492 and 498 for the analysis of the Yungas region (Coroico) and Chuquisaca 

region (San Lucas) respectively. 

 

As evident from our logit results in table 5, the majority of the included controls significantly explains 

whether a household has a loan or not. Despite of some being insignificant, they can still add value 

to our predictive model. To access the strength of this prediction of logit model, the receiver operating 

characteristic (ROC)-curve has been used. A ROC-curve, or rather, the area under the ROC-curve, 

measures discrimination. That is, the ability to correctly classify those with and without a loan.  

 

The area under the ROC-curve for our model, that includes the overall sample, is 0.7966, which 

means that 79.66% of the observations in the area where the MFI is currently active is classified 

correctly. For the sample that includes only households in Coroico (Yungas region), 79.14% of the 

observations are classified correctly. In San Lucas (Chuquisaca region), 81.70% of the observations 

are classified correctly. Given this area under the ROC-curves, the prediction models can be said to 

be good in classifying households in being a client or not.  

                                                   
26 In practice, only 24 dummies from each of the access areas in the two regions are added, as we otherwise would introduce perfect 

multicollinearity.  
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Table 5: Prediction model 
 (1) (2) (3) 

VARIABLES  Loan uptake (Overall) Loan uptake  

(Yungas region) 

Loan uptake  

(Chuquisaca region) 

    

Have another loan (1=yes) -0.443 0.053 -2.293*** 

 (0.281) (0.327) (0.744) 

Distance to market (min) -0.004** -0.008*** -0.002 

 (0.002) (0.003) (0.003) 

#Household members 0.182*** 0.105* 0.233*** 

 (0.042) (0.062) (0.063) 

Dependency ratio -1.222*** -0.477 -2.125*** 

 (0.463) (0.755) (0.554) 

Gender of household head (1=female) 0.549** 0.638* 0.093 

 (0.271) (0.348) (0.432) 

Gender ratio -0.857 -0.022 -2.289** 

 (0.793) (1.127) (1.005) 

Age of household head -0.039*** -0.049*** -0.023** 

 (0.006) (0.008) (0.011) 

Education of household head (years) -0.040 -0.034 -0.067 

 (0.027) (0.029) (0.058) 

Household asset index 0.146 -0.073 0.273 

 (0.104) (0.122) (0.177) 

Own home (1=yes) -0.541** -0.305 -1.119* 

 (0.256) (0.325) (0.604) 

Risk game (1=played) 0.231 0.107 0.313 

 (0.168) (0.245) (0.244) 

Number of MFIs known 0.239*** 0.197** 0.371*** 

 (0.068) (0.085) (0.106) 

Had shock -0.174 0.029 -0.406* 

 (0.179) (0.261) (0.234) 

Chuquisaca region (1=yes) -1.256***   

 (0.327)   

Constant 2.839*** 2.722*** 1.820* 

 (0.761) (0.928) (1.075) 

    

Observations 990 492 498 

Area under ROC-curve 0.7966 0.7914 0.8170 

Notes: The columns present the odds ratio estimate of the logit model used to predict the composition of the borrowers 

and non-borrowers in the expansion areas. Column 1 is all households from the areas where the MFI is currently active 

(Coroico and San Lucas). Column 2 and 3 includes all households from the Yungas and Chuquisaca region respectively.  

Community dummies are omitted from the output. Clustered standard errors in parentheses. *** p<0.01, ** p<0.05, * 

p<0.1 
 

3.4.2 Selection of cut-off point 

As we are predicting the number of MFI clients, the cut-off point we use to determine whether a 

household is a considered a potential client or not, is crucial for our analysis. The first suggestion for 

a potential cut-off point would be 0.5. That is, if the estimated probability for take up is higher than 

50%, the household should be considered as a household that would take up a loan, and therefore by 

allocated to the treatment group. However, the choice of 0.5 as the cut-off point might not be the best 

choice.  

 

When working with a binary classification function (a logit function), then we have to consider 

sensitivity and specificity. Sensitivity and Specificity are two statistical measures, which measure the 
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performance of our classification function. Sensitivity (or true positive rate) measures the proportion 

of positives that are correctly classified as such. In our case, it measures the proportion of households 

who are correctly classified as having a loan.27 Specificity (or true negative rate) measures the 

proportion of negatives that are correctly classified as such. That is, the proportion of households who 

are correctly classified as not having a loan. Another way of looking at sensitivity and specificity is 

that the sensitivity quantifies the ‘avoiding’ of false negatives, while specificity quantifies the 

‘avoiding’ for false positives. If the model would perfectly predict the composition of households 

with and without loans, it would mean that it has 100% sensitivity and 100% specificity. 

 

Often there is a trade-off between the two measures. When improving on sensitivity, you often reduce 

your specificity. We wish to maximize the overall performance of our classification model, and 

therefore want to choose the best cut-off point. One way of choosing the best cut-off point, would be 

to graph the sensitivity curve and the specificity curve respectively, and choose the cut-off value for 

which the two curves intersect. However, we will apply Youden’s index (Youden, 1950) to select the 

optimal cut-off point. The Youden Index estimates the probability of an informed decision, contra a 

random guess. The index is calculated as sensitivity+specificity-1, and is defined between -1 and 1. 

It gives the value of 0 when a test is deemed useless (i.e. when the classification model gives the same 

proportion of positive results for groups with and without the loan). The index is often used together 

with a ROC-curve, where the index is given by the vertical distance above the chance line. The 

optimal cut-off value is then selected corresponding to the cut-off which gives the maximum value 

of the index.  

 

For our logit models, the cut-off which gives the maximum value of Youden’s Index is reached when 

the probability cut-off is set to 0.2859 for the overall sample. That is, when the estimated probability 

of the household taking up a loan from the MFI under study is 28.59% or above, the household will 

be allocated to the treatment group. For the Yungas region, the value of Youden’s Index is 0.4051, 

indicating that when the estimated probability of the household taking up a loan from the MFI under 

study is 40.51% or above, the household will be allocated to the treatment group. For the Chuquisaca 

region, Youden’s index takes a value of 0.2802, so households with a value of Youden’s Index of 

28.02% or above, will be allocated to the treatment group. Additional statistics, such as the 

sensitivity/specificity graph, and the calculation of the two statistics can be found in the appendix.  

                                                   
27 This measure is based on the area where the MFI is currently as the actual number of borrowers in the expansion area is not 

known. 
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3.4.3 Summary statistics and selection tests 

After constructing our treatment and control group based on our predictive model, it remains 

important to check if the different groups we constructed are similar, as differences in the groups can 

lead to bias of any estimate of treatment effects. It is of course impossible to directly compare the two 

groups on unobservables. However, we can compare them on observables to see if the two groups 

are similar. A selection test can be conducted to determine if the observable controls are distributed 

similarly between the two groups in question, and thus detect if there is any selection effect present 

on the observable characteristics. Given our prediction model, we except no systematic differences 

between the treatment and control group.   

 

If we would go for a straight forward comparison between the two groups, we would be making a 

mistake, in that we would be neglecting the self-selection bias and programme placement bias, which 

is very likely to be present. If we are to determine if the selection process is similar in the two types 

of areas, we have to take the characteristics of non-borrowers into account. To overcome this, we 

follow a similar approach to our main estimation approach. That is, we predict uptake in both the 

active area and expansion area, and then apply the double difference model to access balance between 

the groups. We can view this as the following: (𝑋𝐸𝐶 − 𝑋𝐸𝑁) − (𝑋𝑃𝐶 − 𝑋𝑃𝑁), where X represents an 

exogenous variable, and the subscripts PEC, PEN, PFC and PFN indicating predicted existing clients, 

predicted existing non-clients, predicted future clients, and predicted future non-clients, respectively. 

We can conclude that the groups are similar if this difference of differences is not significantly 

different from zero. This can be tested by running the following equation:28  

 

𝑿𝑖𝑗 = 𝛼 + 𝛽 ∗ 𝑉𝑗 + 𝛿 ∗ 𝑇𝑎𝑘𝑒𝑈𝑝𝑖𝑗 + 𝛾 ∗ 𝐴𝑐𝑐𝑒𝑠𝑠𝑖𝑗 + 𝜃 ∗ 𝐴𝑐𝑐𝑒𝑠𝑠𝑖𝑗 ∗ 𝑇𝑎𝑘𝑒𝑈𝑝𝑖𝑗 + 휀𝑖𝑗                  (2) 

 

Where 𝑉𝑗 controls for village effects, Take up indicates if the household is a predicted client or not, 

Access is a dummy equal to one if the household already had access to the loan, and Access*Take up 

is an interacting of the two. Hence, 𝛿 captures differences in 𝑿𝑖𝑗 between the households with and 

without a loan, 𝛾 captures differences in 𝑿𝑖𝑗 due to areas with and without current access to the loan, 

and 𝜃 captures any differences in 𝑿𝑖𝑗 between the predicted borrowers with currently access and 

predicted future borrowers, who does not currently have access to the loan. We are basically 

                                                   
28 This could also have been testing using an equivalent ANOVA. 
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controlling for selection in that we must assure that the predicted clients are similar in both areas. The 

coefficient of 𝜃 is therefore the most important, as it shows the quality of our prediction. Note, that 

we expect to find no differences between the predicted clients in the two areas, since they are 

predicted from the same estimation.  

 

Table 6, 7 and 8 below presents the summary statistics and selection test for the variables used for 

the prediction model for the overall sample and for the two regions separately. For each variable, we 

display the number of observations and mean for both the treatment and control group, as well as the 

𝜃 coefficient obtained by estimating (2). 

 

Starting with the overall sample in table 6, we document (almost) no imbalances between the 

predicted clients in the active area, and the expansion area, as shown by the 𝜃 coefficient. We can 

therefore conclude that the sample is overall balanced. For the imbalances we observe an about 3 

percent lower gender ratio for the predicted borrowers in the expansion areas compared to the 

predicted borrowers in the current access areas. We furthermore observe a significant difference in 

the household asset index. The summary effect size decrease amounts to about negative 0.25, overall 

stating that predicted borrowers in the expansion areas are slightly poorer than predicted borrowers 

in the current access areas. 
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Table 6: Descriptive Statistics for household sample 
 Summary Statistics  

 Control Treatment Selection tests 

 N Mean N Mean θ 

 (1) (2) (3) (4) (5) 

Have a loan, but not from MFI under study (1=yes) 714 0.24 1275 0.45 -12.082 

     (10.255) 

Distance to market (min) 714 75.30 1275 40.19 -0.050 

     (0.060) 

#Household members 714 4.35 1275 5.73 -0.171 

     (0.226) 

Dependency ratio 714 0.54 1275 0.54 0.005 

     (0.029) 

Gender of household head (1=female) 714 0.16 1275 0.19 0.026 

     (0.042) 

Gender ratio 714 0.23 1275 0.22 -0.034* 

     (0.018) 

Age of household head 714 56.31 1275 43.76 -0.751 

     (1.397) 

Education of household head (years) 714 4.82 1275 6.70 0.204 

     (0.506) 

Household asset index 714 -0.18 1275 0.11 -0.249** 

     (0.124) 

Own home (1=yes) 714 0.95 1275 0.83 0.017 

     (0.035) 

Risk game (1=played) 714 0.29 1275 0.48 -0.080 

     (0.053) 

Number of MFIs known 714 1.57 1275 2.86 -0.185 

     (0.160) 

Had shock (1=yes) 714 0.46 1275 0.37 -0.084 

     (0.069) 

Notes: The control and treatment group includes the predicted would be borrowers and predicted non-borrowers from 

the expansion areas. A description of the variables can be found in the appendix. The coefficients from column (5)-(7) 

comes from the following regression equation: 𝑿𝑖𝑗 = 𝛼 + 𝛽 ∗ 𝑇𝑎𝑘𝑒𝑈𝑝𝑖𝑗 + 𝛿 ∗ 𝐴𝑐𝑐𝑒𝑠𝑠𝑖𝑗 + 𝛾 ∗ 𝐴𝑐𝑐𝑒𝑠𝑠𝑖𝑗 ∗ 𝑇𝑎𝑘𝑒𝑈𝑝𝑖𝑗 +

휀𝑖𝑗. Chuquisaca region dummy is excluded. The results for the community dummies are not shown. Standard errors are 

bootstrapped with 1,000 replications and clustered at the community level. *** p<0.01, ** p<0.05, * p<0.1 
 

Table 7 present the summary statistics and selection tests for the Yungas region. Similar to the overall 

sample, we document almost no imbalances, as read through the coefficient of θ. Only when 

considering the gender of the household head, and household asset index, a significant difference is 

found. However, considering that we only find two unbalanced variables out of thirteen, we consider 

the overall sample for the Yungas region balanced. For the predicted borrowers in the expansion 

areas, the household is about 8 percentage points more likely to be female, and the households are 

slightly poorer than the households predicted to borrow in the current access areas.  
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Table 7: Descriptive Statistics for household sample: Yungas region 
 Summary Statistics  

 Control Treatment Selection tests 

 N Mean N Mean θ 

 (1) (2) (3) (4) (5) 

Have a loan, but not from MFI under study (1=yes) 325 0.46 663 0.60 -8.210 

     (7.571) 

Distance to market (min) 325 61.59 663 36.54 0.096 

     (0.076) 

#Household members 325 4.64 663 5.55 -0.041 

     (0.279) 

Dependency ratio 325 0.56 663 0.54 0.022 

     (0.029) 

Gender of household head (1=female) 325 0.14 663 0.25 0.081* 

     (0.048) 

Gender ratio 325 0.20 663 0.23 -0.024 

     (0.017) 

Age of household head 325 56.27 663 42.32 0.999 

     (1.686) 

Education of household head (years) 325 5.97 663 7.76 0.127 

     (0.526) 

Household asset index 325 -0.26 663 -0.14 -0.394*** 

     (0.136) 

Own home (1=yes) 325 0.89 663 0.79 -0.011 

     (0.048) 

Risk game (1=played) 325 0.44 663 0.49 -0.025 

     (0.065) 

Number of MFIs known 325 2.86 663 3.23 0.440 

     (0.279) 

Had shock (1=yes) 325 0.25 663 0.29 0.006 

     (0.068) 

Notes: The control and treatment group includes the predicted would be borrowers and predicted non-borrowers from 

the expansion areas. A description of the variables can be found in the appendix. The coefficients from column (5)-(7) 

comes from the following regression equation: 𝑿𝑖𝑗 = 𝛼 + 𝛽 ∗ 𝑇𝑎𝑘𝑒𝑈𝑝
𝑖𝑗

+ 𝛿 ∗ 𝐴𝑐𝑐𝑒𝑠𝑠
𝑖𝑗

+ 𝛾 ∗ 𝐴𝑐𝑐𝑒𝑠𝑠𝑖𝑗 ∗ 𝑇𝑎𝑘𝑒𝑈𝑝
𝑖𝑗

+

휀𝑖𝑗. Chuquisaca region dummy is excluded. The results for the community dummies are not shown. Standard errors are 

bootstrapped with 1,000 replications and clustered at the community level. *** p<0.01, ** p<0.05, * p<0.1 

 

In table 8, we displays the summary statistics and selection test for the Chuquisaca region. Compared 

to the overall sample, and the sample for the Yungas region, we here observe slightly more 

imbalances, as given by the θ coefficient. We document that the predicted clients in the expansion 

area are imbalanced on a total of three controls when comparing them with the predicted clients in 

the current access areas. Still, the sample can be said to be overall balanced, as imbalances are only 

observed on three out of thirteen variables. Predicted borrowers in the expansion areas, are much less 

likely to have another loan than the predicted loan from the MFI under study. Similarly to the overall 

sample, a lower gender ratio is observed, in this case of about 5 percentage points. Lastly, predicted 

borrowers in the expansion areas are slightly poorer than their borrower counterparts in the current 

access areas.  
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Table 8: Descriptive Statistics for household sample: Chuquisaca region 
 Summary Statistics  

 Control Treatment Selection tests 

 N Mean N Mean θ 

 (1) (2) (3) (4) (5) 

Have a loan, but not from MFI under study (1=yes) 620 0.29 380 0.06 -15.803* 

     (8.928) 

Distance to market (min) 620 69.93 380 45.48 0.065 

     (0.066) 

#Household members 620 4.63 380 6.17 -0.203 

     (0.253) 

Dependency ratio 620 0.54 380 0.53 0.034 

     (0.029) 

Gender of household head (1=female) 620 0.18 380 0.08 0.059 

     (0.042) 

Gender ratio 620 0.25 380 0.22 -0.046*** 

     (0.017) 

Age of household head 620 52.77 380 44.46 1.636 

     (1.734) 

Education of household head (years) 620 4.57 380 5.36 0.248 

     (0.496) 

Household asset index 620 -0.05 380 0.55 -0.328** 

     (0.137) 

Own home (1=yes) 620 0.98 380 0.86 0.002 

     (0.036) 

Risk game (1=played) 620 0.27 380 0.50 -0.029 

     (0.059) 

Number of MFIs known 620 1.31 380 2.33 0.380 

     (0.247) 

Had shock (1=yes) 620 0.57 380 0.46 -0.078 

     (0.069) 

Notes: The control and treatment group includes the predicted would be borrowers and predicted non-borrowers from 

the expansion areas. A description of the variables can be found in the appendix. The coefficients from column (5)-(7) 

comes from the following regression equation: 𝑿𝑖𝑗 = 𝛼 + 𝛽 ∗ 𝑇𝑎𝑘𝑒𝑈𝑝
𝑖𝑗

+ 𝛿 ∗ 𝐴𝑐𝑐𝑒𝑠𝑠
𝑖𝑗

+ 𝛾 ∗ 𝐴𝑐𝑐𝑒𝑠𝑠𝑖𝑗 ∗ 𝑇𝑎𝑘𝑒𝑈𝑝
𝑖𝑗

+

휀𝑖𝑗. Chuquisaca region dummy is excluded. The results for the community dummies are not shown. Standard errors are 

bootstrapped with 1,000 replications and clustered at the community level. *** p<0.01, ** p<0.05, * p<0.1 

 

 

3.5 Analysis 

This section presents and discusses the estimation results for the impact of having loan from the MFI 

under study. The results are presented as follows: We first present the results from the household 

analysis on loan and income related outcomes in table 9. This is followed by the household results on 

business related outcomes in table 10. We then display the results for agricultural sales in table 11. 

Finally, we show the results on income distribution, which is displayed in table 12. We estimate the 

effect of a loan from the MFI under study by using a double difference model. That is, regressing the 

outcome variable on a take up dummy, an access dummy, an interaction of the two, and a set of 

control variables which includes village effects.29 The control variables (excluding village and 

community dummies) are given in table 6, 7 and 8 in section 4.3. For each of the subsections, the 

results from the analysis using the pooled sample are shown. It is then followed by the results for 

                                                   
29 The results without including control variables are given in appendix  
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each of the two regions respectively. We opt for including the pooled sample for completion, and to 

provide a type of benchmark for the two regions, further highlighting the contrast between the two 

regions. Many interesting aspects can be uncovered when conducting a subgroup analysis, and in our 

application, we wish to see if any of the notable differences discussed earlier is leading to a difference 

in the results between the two regions. Recall that each of these regions constitutes an expansion 

vector for the MFI under study. The MFI is currently active in Coroico (1) and San Lucas (2), with 

plans about expanding into nearby areas of Chulumani (1), Irupana (1), Villa Charcas (2), and 

Camargo (2). Coroico and its associated expansion areas are located in the Yungas region, and San 

Lucas and its associated expansion areas are located in the Chuquisaca region.  

 

3.5.1 Impact on loans and income 

Table 9 below presents the results from our analysis on the total loans outstanding and total monthly 

income. The total loans outstanding includes all loans that the household has, including loans from 

the MFI under study. Considering the total loans outstanding, we can get an idea whether the loan 

from the MFI under study might be used to pay of other debt. Suppose that the loan from the MFI 

under study is not used to pay off other outstanding debt, then we would expect to see an increase 

about equal to the average loan size of the loans from the MFI under study. If the loan is used to pay 

off other outstanding debt, then we would expect to see an increase in the total loan outstanding less 

than the average loan size from of the loans from the MFI under study. We opt for using outstanding 

loan rather than amount borrowed, as we do not know exactly when the amount was borrowed. Total 

monthly income include income from three main components: business revenues, agricultural income 

and other income. Other income is then comprised by salaried work, remittances and other 

government transfers. 

 

We observe for the overall sample, that households with a loan had an increased loan outstanding of 

about 4,118 bolivianos, although insignificant. As the market for microfinance is quite substantial in 

Bolivia, many households already had a loan from another MFI. Additionally, households might also 

have additional formal or informal debt. It could therefore be suspected that a loan from the MFI 

under study is either partly or fully used to pay of other loans. If this is the case, limited impacts 

should be expected when conducting an impact analysis, as the credit is not spend towards its intended 

purpose. To what extend a loan is used to substitute between loans (substitution effect), or as a 

complement to existing loans (complementary effect), further investigation is required to be able to 

draw a sound conclusion. Our result only gives an indication of this. Looking at the individual regions, 
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we find that for the Yungas that the total loans outstanding increase by 2,219 bolivianos, however as 

with the result for the overall sample, the result is not significant, and therefore carry little economic 

meaning. However, for the Chuquisaca region, a significant increase in total loans outstanding of 

about 4.018 bolivianos (about 580 USD) is found. This effect might seem substantial, when 

considering that the average loan size for the Chuquisaca region is reported to be 2,402 bolivianos 

(780 USD). To put the estimated coefficient in perspective, we have in addition to the regular 

coefficients in our table, calculated the standardized coefficient of the ‘Take up*Access’ from our 

regression model, which is displayed in the bottom row named ‘effect size’. Similar to Cohen’s d 

(Cohen, 1988), it provides information about the relative effect size of the coefficient, and are 

interpreted as a change in the total loans outstanding measured in units of standard deviations, for a 

one standard deviation change in the independent variable in question. Relating it to effect size, we 

can say something about whether this effect is small or large. Following Cohen (1988) and 

Sawilowsky (2009), an effect size of 0.238 as observed in our table is seen as small.30 That is, 

although an increase of 4.018 bolivianos in total outstanding loans might appear as large, in terms of 

effect size/standard deviation, the effect is rather small.  

 

In addition to the results presented in table 9 below, we also conducted the analysis using a sample 

from which we dropped all observations more than three standard deviations away from the mean of 

our outcome variable.31 The results for this analysis can be found in the appendix to this chapter. 

While the result remains insignificant for the Yungas region, we now in addition to a more significant 

effect for the Chuquisaca region, also observe a significant increase in the total loans outstanding for 

the overall sample. The result for the Chuquisaca region shows a smaller coefficient of 2,560, 

significant at the 5 percent level. Thus, indicating an increase of total outstanding loans of 2,560 

bolivianos (about 370 USD). With a coefficient of 3.864, we can say that a loan from the MFI under 

study leads to increase of the total loans outstanding of about 3.864 bolivianos, which amount to 

about 558 USD. With an average total outstanding loans of 10,714 bolivianos for our sample, we 

observe that the loans from the MFI under study, comprises about 40% of the average households 

total outstanding loan. Furthermore, the result indicates that the loan from the MFI under study has 

more of a complementary effect to the existing loans of the household, rather than a substitutional 

                                                   
30 According to Cohen (1988) and Sawilowsky (2009), an effect size of 0.01 is seen as ‘very small’, 0.20 as ‘small’, 0.50 as 

‘medium’, 0.80 as ‘large’, 1.20 as ‘very large’, and 2.0 as ‘huge’. We adopt the same interpretation for the analysis conducted in this 

chapter. 
31 When dropping the observations, we calculate the mean and standard deviation for each of the three samples. Thus, it cannot be 

expected that the sum of the households dropped in the two regions will add up to the number of households dropped from the 

combined sample.  
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effect, as we now observe a significant increase in the total loans outstanding. However, as noted 

earlier, further analysis is required to be certain. 

 

The results presented here, reveals a big difference between the two areas, and could indicate that a 

large part of the loan proceeding in the Yungas region are spent paying other loan. In this way, a little 

or no effect would be observed on the total loans outstanding. Again, if this is the case, limited impacts 

should then be expected when conducting an impact evaluation.  

 

The first indication of this we get is when we look at the total monthly income. Across our three 

samples, we find relatively small and insignificant coefficients, showing that taking a loan from the 

MFI under study does not significantly increase the household’s total monthly income. As microcredit 

mainly affects long-run welfare through productive investments, impacts will take time to materialize. 

However, if loan proceeds are used for non-productive purpose, it cannot enhance welfare in the long 

run (See chapter 4). So despite the insignificant impacts on the total monthly income now, we might 

find something in the longer run. Additionally, it might also be that a positive impact on one of the 

components constituting total monthly impact is found, but is cancelled out by an equally negative 

impact on one of the other components. The results presented in the following subsections, will give 

this a closer look. 

Table 9: Total loans outstanding and income results 
 (1) (2) (3) (4) (5) (6) 

VARIABLES Total loans 

outstanding  

Total loans 

outstanding: 

Yungas 

Total loans 

outstanding: 

Chuquisaca 

Total monthly 

income 

Total monthly 

income: 

Yungas 

Total monthly 

income: 

Chuquisaca 

       

Take up -3,924.434 -4,766.890 -2,433.100 260.077 -435.816 351.659 

 (2,698.434) (3,142.586) (2,601.617) (273.603) (518.729) (401.034) 

Access 2,138.515 10,831.297* -4,232.921 375.336 -113.028 744.772 

 (5,914.745) (6,008.094) (3,929.742) (470.635) (712.275) (736.568) 

Take up*Access 4,117.837 2,219.273 4,017.762* 46.580 307.934 -35.623 

 (2,579.027) (4,062.733) (2,362.462) (268.163) (487.472) (391.728) 

Constant -489.765 1,364.854 50.189 1,138.661** 2,160.256** 1,148.798 

 (5,090.515) (7,173.884) (4,361.372) (497.246) (909.372) (749.510) 

       

Observations 1,994 990 1,004 1,994 990 1,004 

Effect size 0.186 0.088 0.238 0.019 0.116 -0.015 

Notes: Outcome variables are regressed on a take up dummy, access dummy, an interaction of the two, and additional control 

variables described in table 5. The sample includes all households from the current area where the MFI under study is active, 

and the expansion areas, for either both regions or each region separately. Total income includes: Business revenues, 

agricultural income, and other income, where other income is constituted of salaried labor, remittances, and other transfers.  

All monetary values are expressed in bolivianos. All variables have been winsor transformed to avoid extreme outliers. Effect 

size represents that standardized coefficient of ‘Take up*Access’. It gives a measure of the relative strength of the coefficient. 

Bootstrapped standard errors with 1,000 replications in parentheses. *** p<0.01, ** p<0.05, * p<0.1 
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3.5.2 Impact on business revenues 

In table 10, we observe the impacts on business revenues. Business revenues are used as a proxy for 

business income, due to the noisy nature of the self-reported data. Additionally, we do not ask about 

business income directly in our survey. We are therefore assuming that an increase in sales translates into 

an increase in income. Arguably, we are overestimating the effect on total income, as we are substituting 

business income with business revenue. We present the results in two ways. First we present the results 

when we use our common samples. That is, we use the full sample, and subsample for each of the two 

regions. We then present the results for the overall sample, and the two separate regions for the subsample 

of households who indicated that they had a households business.32 This basically, rules out all the 

households that would have 0 business revenues. This can be viewed as a so-called ‘intensive margin’, 

thus for the results for business revenues for households who actually have a functioning households 

business. 

 

If we first observe the results using our regular sample, we find positive, but insignificant impacts for the 

over sample, and for the Yungas region. However, for the Chuquisaca region, we observe a significant 

positive impact 585 bolivianos (about 85 USD). On a yearly basis, the amounts to more than 1,000 USD, 

thereby constituting a significant impact for the average household in an otherwise poor region of Bolivia. 

In terms of the effect size, the effect is considered ‘small’ showing a coefficient of 0.296. If we direct our 

attention to the impact on business revenues for the subgroup of households who have indicated to have 

a household business, we observe an even stronger impact in the Chuquisaca region. The increase in 

monthly business revenue now amounts to 2,587 bolivianos (about 374 USD), making for a yearly 

increase almost 4,500 USD. It is not surprising that the impacts on the intensive margin is greater, as we 

remove households which otherwise would have 0 business revenue. Nevertheless, it could be argued, 

that this result is more interesting, as it concerns the households who actually engage in a household 

business. This high impact is also reflected in the calculated effect size. With a coefficient of 0.793, the 

effect size can be considered ‘big’, but not as extreme as otherwise indicated by the coefficient of 2,587. 

Thus, signalling a relatively high standard deviation of the underlying data. Regardless the noise of the 

underlying data, this estimated coefficient is still very large, and should be taken with caution. To account 

for the potential noise of the underlying data, an additional robustness analysis has been conducting, where 

households with business revenues more than three standard deviations away from the mean have been 

removed (see below).  

 

                                                   
32 For the ‘intensive margin’ analysis, we also estimate a separate logit model, calculate a new optimal cut-off, and thereby a new 

group composition of predicted borrowers and predicted non-borrowers. The prediction models and optimal cut-offs for the intensive 

margin analyses are given in the appendix.  
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Concerning the overall sample, we still find a positive but insignificant coefficient, whereas for the 

Yungas region, we observe a negative but insignificant coefficient. The negative (albeit insignificant) 

result in the Yungas region, is likely to contribute to the, on average, smaller (and insignificant) impact 

that we observe for the overall sample. Thus, for subcomponent of total monthly income, business 

revenues, we find no significant impacts on the overall sample, and for the Yungas region, but do observe 

a relatively big impact on business revenues in the Chuquisaca region. 

 

If we use our reduced sample of households that excludes households with business revenues more than 

three standard deviations away from the mean, we observe a similar significant impact on business 

revenues in the Chuquisaca region, albeit smaller in magnitude showing a coefficient of 307. That is, we 

observe a significant increase of 307 bolivianos (about 44 USD) on the monthly business revenues, 

amounting to a yearly impact of about 528 USD. The effect size can also be characterized as ‘small’ with 

an effect size coefficient of 0.254. For the intensive margin, the coefficient drops to 973 and is 

insignificant. That is, by removing the households in the high end of the revenue distribution, the 

significant impact disappears for the subsample of households that have indicated to engage in a 

household business, whereas t remains for the regular sample of households in the Chuquisaca region.  

  

Table 10: Business revenues results 
 (1) (2) (3) (4) (5) (6) 

VARIABLES Total monthly 

business 

revenues 

Total monthly 

business 

revenues: 

Yungas 

Total monthly 

business 

revenues: 

Chuquisaca 

Total monthly 

business 

revenues 

(”Intensive 

margin”) 

Total monthly 

business 

revenues: 

Yungas 

(”Intensive 

margin”)1 

Total monthly 

business 

revenues: 

Chuquisaca 

(”Intensive 

margin”) 

       

Take up 205.731 -111.788 -190.428 -522.376 -3,456.231 -1,595.079 

 (251.641) (515.915) (332.099) (966.251) (2,682.972) (1,622.463) 

Access 375.732 -199.880 1,057.604 48.558 -3,683.478 -1,782.923 

 (605.561) (688.923) (771.256) (1,204.771) (2,785.458) (1,637.125) 

Take up*Access 275.803 244.740 584.613* 876.661 2,560.832 2,587.136* 

 (242.008) (482.564) (323.820) (882.009) (2,664.613) (1,500.291) 

Constant 390.646 1,050.070 779.439 3,199.646 9,443.724** 4,669.552** 

 (441.681) (810.084) (567.206) (1,967.469) (4,213.835) (2,251.404) 

       

Observations 1,994 990 1,004 513 235 278 

Effect size 0.123 0.099 0.296 0.229 0.589 0.793 

Notes: Outcome variables are regressed on a take up dummy, access dummy, an interaction of the two, and additional control 

variables described in table 5. The sample includes all households from the current area where the MFI under study is active, 

and the expansion areas, for either both regions or each region separately. Column (4)-(6) presents the results limiting the 

sample to households that have indicated to have a business. All monetary values are expressed in bolivianos. All variables 

have been winsor transformed to avoid extreme outliers. Effect size represents that standardized coefficient of ‘Take 

up*Access’. It gives a measure of the relative strength of the coefficient. Bootstrapped standard errors with 1,000 replications 

in parentheses. *** p<0.01, ** p<0.05, * p<0.1 
1) For the subsample in the Yungas region, some of the community dummies are omitted due to perfect collinearity 

(community 1, 2, 13, 15, 22 and 23). 
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3.5.3 Impact on agricultural sales 

We continue our analysis with the impact on agricultural sales. Similar to the analyses on business 

revenues, we also look impacts using our ‘regular’ groups, and then for, what we call, ‘intensive 

margin’. That is, we exclude households from the analysis that do not signal to have any agricultural 

activities. The agricultural sales, constitute the second pillar of the total monthly income. Like with 

business revenues, we did not ask about agricultural income directly in the survey. We therefore use 

agricultural sales as a proxy for agricultural income due to the noisy nature of the data. We are 

therefore making the assumption that an increase in agricultural sales translates to an increase in 

agricultural income. The agricultural sales itself, is comprised by two subgroups: crop sales, and sales 

of animals and dairy products. Each of the sales components were first transformed into kilo from 

their reported quantities, and then it was multiplied with the price per kilo. With the exception of 

dairy sales, as households were just asked to report the monthly sales in bolivianos directly, and not 

what quantity. The kilo price is obtained from OAP33, a national database providing with the average 

price of any crop in that region of the country. In this way we avoid the noise that follows self-

reported sales values. 

 

The results for the regular samples show an overall negative impacts on agricultural sales of about 

203 bolivianos (about 29 USD) on a monthly basis. This adds up to a yearly decrease of about 350 

USD. This results is likely to be driven by the result observed in the Chuquisaca region, where we 

observe a significant negative coefficient of -250. Thus, indicating a monthly decrease of 250 

bolivianos (about 36 USD), which then adds up to about 432 USD on a yearly basis. The standardized 

coefficients displayed in the bottom row, signal ‘medium’ effect sizes, with coefficients of -0.368 

and -0.435 respectively. We do observe a negative coefficient in the Yungas region as well, but it 

smaller in magnitude and insignificant. The negative results are similar if we look at the subgroup of 

households who indicate to engage in agricultural activities. The results for the ‘intensive margin’, 

reveals a negative impact for the sample containing both regions of -227 bolivianos, or about 33USD 

on a monthly basis. The result for the Chuquisaca region is similar to the one of the regular analysis, 

and shows a coefficient of -244 (about 35 USD). The observed effect sizes remains in the same range 

of ‘medium’ as before, thus no big differences are found between the two samples. The coefficient 

also takes a larger negative value for the Yungas region, however, it remains insignificant. 

 

                                                   
33 The database of Observatorio Agroambiental y Productivo can be found here: 

 http://www.observatorioagro.gob.bo:8080/birt/report/index.jsp# 
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Putting this together, we observe overall negative impacts for agricultural sales, especially for the 

Chuquisaca region. While this is not the expected outcome of microcredit loans, we need to compare 

this with the impact found on other income measures. Despite this negative impact found in the 

Chuquisaca region, its absolute value is still a lot smaller than what we observed for business 

revenues. This would still suggest an overall positive impact on the total monthly income. 

Furthermore, a reduction in sales, could also mean an increased consumption of their agricultural 

production. It is also possible, that households shifted focus in their income generating activities away 

from agriculture, and into other areas such as business or salaried labour. It seems logical to now look 

at the third and final component of the total monthly income, other income, which comprises salaried 

labour, remittances and other government transfer.  

 

In the appendix, we conducted the analysis excluding households with total monthly agricultural sales 

values more than three standard deviation away from the average value. The results for the whole 

sample drops to a negative 109 bolivianos a month, but is left insignificant. Observing the result for 

the intensive margin for the full sample, the result remains significant with a negative coefficient of 

147, amount to a yearly negative impact of 1,764 bolivianos (255 USD). For the sub sample of 

Chuquisaca, a significant negative impact of 157 bolivianos (23 USD) for the regular sample. For the 

intensive margin, the magnitude of the coefficient is reduced to 135 (19 USD), remaining significant. 

Removing the households furthest away from the average total monthly agricultural sales, overall 

reduces the magnitude of the impacts, and with the exception of the impact for the full sample, the 

results remain significant.  
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Table 11: Agricultural sales results 
 (1) (2) (3) (4) (5) (6) 

VARIABLES Total monthly 

agricultural 

sales 

Total monthly 

agricultural 

sales: Yungas 

Total monthly 

agricultural 

sales: 

Chuquisaca 

Total monthly 

agricultural 

sales 

(”Intensive 

margin”) 

Total monthly 

agricultural 

sales: Yungas 

(”Intensive 

margin”) 

Total monthly 

agricultural 

sales: 

Chuquisaca 

(”Intensive 

margin”) 

       

Take up 143.171* 2.569 154.605 156.690* 32.471 148.935 

 (78.984) (89.033) (100.395) (83.809) (100.831) (106.134) 

Access 83.210 -94.123 123.741 166.619 36.066 141.892* 

 (126.904) (137.457) (102.562) (140.858) (170.030) (85.532) 

Take up*Access -203.223** -109.980 -250.174** -226.994*** -148.997 -243.898** 

 (80.585) (91.999) (99.700) (86.548) (99.568) (109.718) 

Constant 81.920 81.744 -213.410 111.213 116.009 -170.970 

 (136.769) (145.008) (190.553) (153.039) (165.263) (206.187) 

       

Observations 1,994 990 1,004 1,788 866 922 

Effect size -0.368 -0.210 -0.435 -0.401 -0.280 -0.413 

Notes: Outcome variables are regressed on a take up dummy, access dummy, an interaction of the two, and additional control 

variables described in table 5. The sample includes all households from the current area where the MFI under study is active, 

and the expansion areas, for either both regions or each region separately. Column (4)-(6) presents the results limiting the 

sample to households that have indicated to engage in agricultural activities. All monetary values are expressed in bolivianos. 

All variables have been winsor transformed to avoid extreme outliers. Effect size represents that standardized coefficient of 

‘Take up*Access’. It gives a measure of the relative strength of the coefficient. Bootstrapped standard errors with 1,000 

replications in parentheses. *** p<0.01, ** p<0.05, * p<0.1 

 

 

3.5.4 Impact on other income  

The results in table 12, displays the outcome of the analysis for the last income subgroup, namely 

other income. Other income contains three different sorts of income, most notably salaried labour. It 

is basically any labour income a household member has from working as an employee for someone 

else. It could be for some other person’s business, agricultural activity or something third. The two 

other components are remittances and other government transfers. Remittances are mostly received 

from other family members working abroad, and in this way supports their family at home. 

Government transfers, includes any income the household might receive from any governmental 

institution. As with the previous sections, we in addition to our regular analysis also look at the 

subsample of households who has a non-zero other income.  

 

Our results reveals while a negative coefficient for the overall sample, no significant impact. 

However, if we look at the two regions individually, we see some different impacts. In the Yungas 

region, we observe a positive coefficient of 173 bolivianos, however, insignificant. This is different 

for the Chuquisaca region, where we observe a significant negative impact of about 370 bolivianos 

(about 53 USD) on a monthly basis. Scaling this up to a yearly basis, it amounts to more than 360 

USD decrease in total household income. The standardized coefficient displayed in the bottom row, 

signals ‘medium’ effect sizes, with a coefficient of -0.361. If we turn our attention to the results for 
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households who have indicated to have any form of other income, we see the previous results being 

amplified. That is, for the overall sample, we find a larger negative coefficient, however, still failing 

to reach significance. For the Yungas region, we now observe a significant positive impact of about 

552 bolivianos (about 80USD) on a monthly basis, making a yearly income increase of 960 USD, 

thereby constituting a solid increase in the income for the average household. The effect size reported 

signals a relatively ‘medium’ effect size with a coefficient of -0.414. For the Chuquisaca region, the 

negative impact increased to 436 bolivianos (about 63 USD), which makes for a negative impact of 

more than 750 USD yearly. The observed effect sizes remains in the same range of ‘medium’ as 

before, thus no big differences are found between the two samples. The reduction in other income in 

the Chuquisaca, does not come unexpected as a significant part indicated to be working at other 

household’s agricultural activities, which we observe took a significant decrease. It would therefore 

not be surprising that some of these people simple had less work at other household’s agricultural 

activity and therefore a reduction in their other income.  

 

While we observe a significant increase for the Yungas region in other income, and negative but 

insignificant decreases on the business and agricultural side, this does not transfer to a significant 

increase for the overall monthly income. Similar story holds for the Chuquisaca region. We observe 

a solid increase in business revenues, but despite being larger in magnitude than the combined 

negative impacts on agriculture and other income, we do not observe a significant impact on total 

monthly income.  

 

In the appendix, we conducted the analysis excluding households with other income more than three 

standard deviation away from the average value. The result for the Chuquisaca sample increases to a 

negative 370 bolivianos a month (54USD), showing a ‘medium’ effect size of 0.370. Observing the 

result for the intensive margin for the Chuquisaca sample, the magnitude also drops, now showing a 

negative coefficient of 271 bolivianos a month (39USD), with an accompanying effect size 

coefficient of 0.382. Similarly, the result for the intensive margin in the Yungas region is still 

significant, but with a lower magnitude of 343 bolivianos as a monthly impact (50USD). Removing 

the households furthest away from the average total monthly agricultural sales, overall reduces the 

magnitude of the impacts, and the results remain significant. 
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Table 12: Other income results 
 (1) (2) (3) (4) (5) (6) 

VARIABLES Total monthly 

other income 

Total monthly 

other income: 

Yungas 

Total monthly 

other income: 

Chuquisaca 

Total monthly 

other income 

(”Intensive 

margin”) 

Total monthly 

other income: 

Yungas 

(”Intensive 

margin”) 

Total monthly 

other income: 

Chuquisaca 

(”Intensive 

margin”) 

       

Take up -88.824 -326.597 387.483* 79.720 -317.599 345.587* 

 (127.675) (206.034) (205.132) (138.843) (267.650) (203.574) 

Access -83.606 180.976 -436.573* -64.914 -142.376 -490.815** 

 (422.336) (313.020) (250.517) (469.935) (334.312) (241.559) 

Take up*Access -26.001 173.173 -370.062* -132.873 551.510* -435.672** 

 (142.668) (228.492) (190.906) (146.004) (285.554) (200.421) 

Constant 666.095*** 1,028.442*** 582.768 694.051** 1,130.865*** 952.065* 

 (257.756) (332.374) (462.136) (279.771) (407.336) (501.108) 

       

Observations 1,994 990 1,004 1,715 792 923 

Effect size -0.025 0.167 -0.361 -0.123 0.495 -0.414 

Notes: Outcome variables are regressed on a take up dummy, access dummy, an interaction of the two, and additional control 

variables described in table 5. The sample includes all households from the current area where the MFI under study is active, 

and the expansion areas, for either both regions or each region separately. Column (4)-(6) presents the results limiting the 

sample to households that have indicated any other income. Other income is constituted of salaried labor, remittances, and 

other transfers. All monetary values are expressed in bolivianos. All variables have been winsor transformed to avoid extreme 

outliers. Effect size represents that standardized coefficient of ‘Take up*Access’. It gives a measure of the relative strength 

of the coefficient. Bootstrapped standard errors with 1,000 replications in parentheses. *** p<0.01, ** p<0.05, * p<0.1\ 

 

 

3.5.5 Impact on income distribution  

For the final subsection of our analysis, we take a look at the impact of being a member of the MFI 

under study on the household’s income distribution. We look at each of the three components that 

together constitutes total income; business, agriculture and other. The percentage business income is 

calculated as the business income of the household divided by total income. Similar calculation is 

done for each of the two other components. Other income contains three different sorts of income, 

most notably salaried labour. It is basically any labour income a household member has from working 

as an employee for someone else. It could be for some other person’s business, agricultural activity 

or something third. The two other components are remittances and other government transfers. 

Remittances are mostly received from other family members working abroad, and in this way 

supports their family at home. Government transfers, includes any income the household might 

receive from any governmental institution. The sum of the three components will add up to one. By 

analysing the effect of being a member of the MFI under study on the household’s income 

distribution, we are able to further explain some of the impacts we observed in the previous analysis.  

 

Starting with the business income, we only observe a significant impact for the Chuquisaca region. 

This is well in line with the results we found in the earlier section. The average households share of 

income generated by the household business increase by about 20%. In addition, we observe a similar 
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decrease in the agricultural income in the Chuquisaca region of about 18%. It therefore suggest that 

a loan from the MFI under study finances an income shift from agriculture towards business in the 

Chuquisaca region. As the region is known as dryer and in general less suitable for cultivation of 

crops, it might seem logical that households attempt to direct their attention to other sources of 

income. For agricultural income we also find a significant decrease overall of about 14%, which can 

be said to be mainly driven by the result from the Chuquisaca region. However, it would not come as 

a surprise as we earlier also documented a significant decrease in the agricultural for the overall 

sample, which is again reflected here, in a decrease in the share of income generated by the 

household’s agricultural activities. Regarding other income, we observe no significant results, 

although we observe coefficient which are generally in line with outcome we found for other income 

in the previous section. That is, a positive coefficient for the Yungas region, and a negative coefficient 

for the Chuquisaca region.  

Table 13: Income distribution results 
 (1) (2) (3) (4) (5) (6) (7) (8) (9) 

VARIABLES % 

business 

income  

% 

business 

income: 

Yungas 

% business 

income: 

Chuquisaca 

% 

agricultural 

income  

% 

agricultural 

income: 

Yungas 

% 

agricultural 

income: 

Chuquisaca 

% other 

income  

% other 

income: 

Yungas 

% other 

income: 

Chuquisaca 

          

Take up 7.948* 10.465 -9.997** 6.268 2.507 10.167* -14.215** -12.972 -0.170 

 (4.387) (6.783) (4.989) (5.277) (8.194) (5.963) (6.511) (9.693) (6.821) 

Access 11.896 7.347 22.077 -1.629 -18.514 6.883 -10.267 11.167 -28.960*** 

 (13.366) (10.994) (14.473) (11.557) (13.810) (10.073) (19.801) (11.612) (10.771) 

Take up*Access 4.833 -5.697 20.046*** -13.550** -5.262 -18.142*** 8.716 10.960 -1.903 

 (4.520) (6.479) (5.061) (5.346) (9.105) (5.686) (6.122) (9.976) (6.503) 

Constant 10.266 5.666 39.136*** 33.272*** 35.113** 1.259 56.462*** 59.221*** 59.605*** 

 (7.680) (11.072) (10.485) (10.238) (15.252) (11.372) (11.820) (16.411) (13.230) 

          

Observations 1,994 990 1,004 1,994 990 1,004 1,994 990 1,004 

Effect size 0.150 -0.178 0.620 -0.364 -0.134 -0.529 0.222 0.278 -0.050 

Notes: Outcome variables are regressed on a take up dummy, access dummy, an interaction of the two, and additional control 

variables described in table 5. The sample includes all households from the current area where the MFI under study is active, 

and the expansion areas, for either both regions or each region separately. % business income is calculated as the % of total 

income that originates from the business activities of the household. % agricultural income is calculated as the % of total 

income that originates from the agricultural activities of the household. % other income is calculated as the % of total income 

that originates from other income activities of the household. The three income components all add up to 1. All variables 

have been winsor transformed to avoid extreme outliers. Effect size represents that standardized coefficient of ‘Take 

up*Access’. It gives a measure of the relative strength of the coefficient. Bootstrapped standard errors with 1,000 replications 

in parentheses. *** p<0.01, ** p<0.05, * p<0.1 

 

3.6 Discussion and conclusion 

In this chapter, we measured the impact of loans provided by the MFI under study, a Bolivian non-

profit organization in the process of becoming a non-bank financial institution. The aim was to 

describe the changes in wellbeing that could be attributed to receiving a loan from this MFI.  
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We measure the impact of the loans, by comparing existing borrowers with (possible) future 

borrowers, as randomization was not possible. The methodology applied in this chapter follows and 

extends Coleman (1999). It basically comes down to estimating a diff-in-diff model in space rather 

than in time, to reduce potential self-selection and program placement biases. Using this approach, 

we assessed the impact of credit on a broad range of outcome variables. However, unlike Coleman, 

we were faced with the challenge of having to forecast future borrowers, as we had no certain 

expansion plans, and it is therefore currently unknown who will become a future borrower. We 

identified areas which could be targeted for a future expansion, based on the existing branches of 

Coroico and San Lucas, located in the Yungas region and Chuquisaca region respectively. The new 

branches would open close to these existing branches in Chulumani and Irupana for the Coroico 

branch, and in Villa Charcas and Camargo for the San Lucas branch. 

 

We conducted our analysis based on the full sample, as well as for the each of the region separately. 

That is, we first pooled together all households from both expansion vectors in the Yungas and 

Chuquisaca region. Our results of the household analysis, reveals no or even negative impact of 

having a loan from the MFI under study. We observe a negative effect on the agricultural sales, 

amounting to about a 29 USD on a monthly basis. We furthermore observe a decrease in the 

household’s share of agricultural income of 14 percentage points. 

 

We took the additional step, and analysed each of the two regions in our study separately. Here the 

results started to differ from the overall analysis, and we observed significant differences between the 

two regions. Additional to our regular analysis, we also analysed subsamples of households who had 

a non-zero value of the outcome in question, That is, for business revenues, agricultural income, and 

other income, we analysed the subsample of households that had non-zero outcomes for each of these 

outcomes, respectively, denoting it as the ‘intensive margin’.  

 

In the Yungas region, we found overall no impacts of being a Sartawi member, with the exception of 

the category, other income. For other income, which is comprised by salaried labour, remittances and 

other government transfers, we documented an increase of 552 bolivianos on a monthly basis, which 

amounts to about 80 USD monthly. For the Chuquisaca region, the story was different. While we did 

not observe a significant impact on the total monthly income, we observed impacts on both business 

revenues and agricultural sales. We first observed a significant increase in the total loans outstanding 

of 4,018 bolivianos (580 USD). This was followed by a significant increase in business revenues of 
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585 bolivianos for the regular sample, and an increase of 2,587 bolivianos for the subsample of 

households who had indicated to have a household business. In dollar terms, this amounts to 85 and 

374 dollars for the two samples. As robustness and to account for the potential noisy underlying data, 

we conducted the analysis restricting the sample to only include households with business revenues 

less than three standard deviations away from the mean. The estimated impact for the regular sample 

remains significant with a coefficient of 307 (44USD), and the impact for the subsample of 

households who had indicated to have a household business turns insignificant with a coefficient of 

973 (135USD). For the agricultural sales, we found similar results to the overall sample, namely a 

negative impact of -250 and -244 bolivianos (36 and 35 USD) for the regular and intensive margin 

respectively. The results for other income revealed a similar impact to the agricultural sales. A 

negative impact of 370 bolivianos or 53 USD was found for the regular sample, whereas a negative 

impact of 436 bolivianos or 63 USD was found for the subsample of household with  non-zero other 

income.   

 

The results observed here, follow the general idea outlined earlier in this chapter. In Yungas, we 

observe that households, although obtaining a loan from the MFI under study, do not significantly 

increase their outstanding debt, thus indicating that at least part of the loan proceeding are spent 

paying off other debt. It can therefore be expected that little to no impact is to be observe, which is 

what we observe here. In the Yungas region, and especially near the Coroico area, there is a large 

presence of microfinance, making an additional loan have less impact, following a diminishing 

marginal increase. Households are thereby also more likely to be less credit constrained and have a 

better ability to borrow when the opportunities are many. More household could therefore be in the 

situation where new debt are taken on only to be able to pay off other outstanding debt, thereby 

resulting in little or no impact of the additional loan on the outcomes of interest. This potential 

substitution between loans raises the issues of additionality and the screening process of the MFI 

under study. How can the MFI under study ensure that the loans they provide are spend on their 

intended (productive) purpose, and not (partially) spend on reducing other outstanding debt the 

household might have. This calls for a more thorough screening ex ante, and a follow up after the 

loan has been disbursed. When the loan recipient is surveyed about how the loan proceedings are 

spend, he or she is inclined to provide the social desirable answer. Hence, not stating that the loan 

will be spend to pay off other outstanding debt, but rather spend in a productive manner. Additional 

research would benefit from investigating the extent of such potential social desirability bias.   
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Looking at the results for the Chuquisaca region, we see a different picture. First of all, there is a 

significant increase in the outstanding debt, signalling that at least not a large part of the loan 

proceedings might be spent paying of other outstanding debt. This makes the household able to invest 

into either the household business, farming activities or both. In the case of Chuquisaca, we are in an 

area much drier than the Yungas region, having a poorer population, and overall being less suitable 

for cultivating land. Households are therefore likely to attempt to reduce their agricultural activities, 

and substitute it with other business activities, as we observe here. It could therefore be that the loans 

provided by the MFI under study at least to some extent financed a shift in income generating 

activities away from agriculture into other income sources, such as a household business. This 

suggesting is backed up by our results concerning the income distribution of the household’s along 

with the previously results on the household business and agricultural activities. We observe a shift 

in the income from agriculture towards business of a good 20 percentage points in the Chuquisaca 

region. Additionally, the reduction in income generated from agricultural activities is also found for 

the overall sample, showing a reduction of about 14 percentage points. 

 

Microcredit might mainly affect long-run welfare through productive investments, and therefore 

impacts will take time to materialize, but if a substantial part of the loan proceeds is not spent towards 

its intended purpose, then less or no impacts should be expected. Despite having a relatively dense 

credit market with plenty of loan opportunities overall, there are some major differences to be found 

across different regions. The opportunities for borrowing are fewer in the Chuquisaca region 

compared to the Yungas region, and we observe from our results that households seems to spend a 

significant amount of their loan proceedings possibly paying off other outstanding debt, rather than 

spending these towards productive investments in either the farming and/or households business. 

Another important difference between the two regions also comes into play as we look at the results 

of our analysis. Whereas the climate in the Yungas region is more inviting for agricultural activities, 

the climate in the Chuquisaca region is characterised by being drier and less inviting for agricultural 

activities. It therefore makes sense to see that farming activities are substituted by other business 

activities, as we observe with a negative impact on agricultural outcomes, with a corresponding 

increase in the household business outcomes. Despite observing impacts on each of three pillars 

constituting total income, the results have not yet translated into an increase in the total household 

income. Nevertheless, the results observed for the Chuquisaca region seem to be overall positive for 

the households, whereas the results for the Yungas region show little to no impact.  
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We made a first attempt of estimating the impact of microcredit loans using the double difference in 

space where we predict borrowers in both the active area, and the expansion area. Future research 

should investigate further the sensitivity of such estimation methods.  
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Appendix  

Table A1: Variable description 

Variable name Description  

 
   

Have a loan, but not from MFI under study 

(1=yes) 

A dummy variable taking the value 1 if the household has a loan which 

is not from the MFI under study, and 0 otherwise. 

 

   

Distance to market (min) How long does it take you to get to the nearest market/trading centre.  

   

#Household members Number of household members.  

   

Dependency ratio Dependency ratio is calculated as the sum of household members under 

16 and over 65 divided by the total number of household members. 

 

   

Gender of household head (1=female) A dummy variable taking the value 1 if the household head is female, 

and 0 otherwise. 

 

   

Gender ratio The gender ratio is the share of females in the working age in the 

household. 

 

   

Age of household head Age of the household head in years.  

   

Education of household head (years) Years of completed education by the household head.  

   

Household asset index The asset index construction follows Anderson (2008), and is 

comprises of household asset. 

 

   

Own home (1=yes) A dummy variable taking the value 1 if the household owns the house 

they are living in. 

 

   

Risk game (1=played) The risk game is a measure of risk aversion, and is 1 if the respondent 

decided to pay the game, and 0 otherwise 

 

   

Number of MFIs known The number of MFIs the respondent knows.  

   

Had shock (1=yes) A dummy variable taking the value 1 if any household member had 

experienced a shock during the last 12 months.  

 

   

Chuquisaca region (1=yes) A dummy variable taking the value 1 if the household is located in the 

Chuquisaca region, and 0 otherwise 

 

   

Notes: This table provides the name and definition of the variables used for predicting take up of loans from the MFI 

under study, as well as for the main outcome equation.  
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Note: The area under the ROC curve measures discrimination, that is, the ability of the test 

to correctly classify those with and without a loan from the MFI under study.  

 
Figure A1: ROC curve – overall sample 
 

 

Note: The area under the ROC curve measures discrimination, that is, the ability of the test 

to correctly classify those with and without a loan from the MFI under study.  

 
Figure A2: ROC curve – Yungas region 
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Note: The area under the ROC curve measures discrimination, that is, the ability of the test to correctly 

classify those with and without a loan from the MFI under study.  

 
Figure A3: ROC curve – Chuquisaca region 
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Figure A4, A5 and A6 below, present the sensitivity/specificity graph. For each point on this curve, 

the Youden index is calculated from which the optimal cut-off point can be chosen. Formulas used 

to calculate sensitivity, specificity and Youden’s index is shown below: 

 

Sensitivity = true positives / (true positives + false negatives) 

Specificity = true negatives / (true negatives + false positives) 

Youden index: Sensitivity + Specificity -1 
 

 

Note: Rather than using the intersection of the sensitivity and specificity curves as the optimal cut-off 

point, we have calculated Yuden’s Index. However, the difference between the two suggested cut-off 

points is only minor. The optimal cut-off points determined by the intersection of the sensitivity and 

specificity curves is 0.3237, and the optimal cut-off point determined using Yuden’s Index is 0. 2825.  

 
Figure A4: Sensitivity/Specificity graph – overall sample 
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Note: Rather than using the intersection of the sensitivity and specificity curves as the optimal 

cut-off point, we have calculated Yuden’s Index. However, the difference between the two 

suggested cut-off points is only minor. The optimal cut-off points determined by the 

intersection of the sensitivity and specificity curves is 0.3915, and the optimal cut-off point 

determined using Yuden’s Index is 0. 4051.  

 
Figure A5: Sensitivity/Specificity graph – overall sample 
 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



525243-L-bw-Eriksen525243-L-bw-Eriksen525243-L-bw-Eriksen525243-L-bw-Eriksen
Processed on: 19-10-2018Processed on: 19-10-2018Processed on: 19-10-2018Processed on: 19-10-2018 PDF page: 103PDF page: 103PDF page: 103PDF page: 103

 

 

IMPACT EVALUATIONS, BIAS, AND BIAS REDUCTION 

 

 

 

97 

 

 

Note: Rather than using the intersection of the sensitivity and specificity curves as the optimal cut-off 

point, we have calculated Yuden’s Index. However, the difference between the two suggested cut-off 

points is only minor. The optimal cut-off points determined by the intersection of the sensitivity and 

specificity curves is 0.2802, and the optimal cut-off point determined using Yuden’s Index is 0. 2802.  

 
Figure A6: Sensitivity/Specificity graph – overall sample 
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Table A2: Prediction model for business revenues 
 (1) (2) (3) 

VARIABLES  Loan uptake (Overall) Loan uptake  

(Yungas region) 

Loan uptake  

(Chuquisaca region) 

    

Have another loan (1=yes) -1.110* 0.143 - 

 (0.620) (0.882)  

Distance to market (min) -0.003 -0.019*** 0.004 

 (0.004) (0.008) (0.006) 

#Household members 0.269*** 0.190 0.263* 

 (0.086) (0.132) (0.154) 

Dependency ratio -0.666 -1.119 -0.758 

 (1.010) (2.521) (1.289) 

Gender of household head (1=female) -0.133 -0.389 -0.320 

 (0.641) (0.918) (0.467) 

Gender ratio -0.492 0.787 -3.824*** 

 (1.642) (2.550) (1.360) 

Age of household head -0.070*** -0.102*** -0.012 

 (0.020) (0.032) (0.023) 

Education of household head (years) -0.186*** -0.241*** -0.236** 

 (0.061) (0.081) (0.114) 

Household asset index 0.560** 0.144 0.555 

 (0.235) (0.372) (0.381) 

Own home (1=yes) -0.804 0.066 -2.260 

 (0.590) (0.673) (1.572) 

Risk game (1=played) 0.783* 0.722 0.762 

 (0.470) (0.866) (0.635) 

Number of MFIs known 0.144 -0.027 0.521 

 (0.167) (0.185) (0.369) 

Had shock -0.127 0.240 -0.481 

 (0.444) (0.767) (0.817) 

Chuquisaca region (1=yes) -18.168*** - - 

 (1.373)   

Constant 21.353*** 22.679*** 2.562* 

 (2.021) (3.277) (1.490) 

    

Observations 240 113 101 

Area under ROC-curve 0.8280 0.8529 0.8304 

Optimal cut-off 0.4106 0.4908 0.3860 

Notes: The columns present the odds ratio estimate of the logit model used to predict the composition of the borrowers 

and non-borrowers in the expansion areas. Sample only include households that have indicated to have a household 

business. Column 1 is all households from the areas where the MFI is currently active (Coroico and San Lucas). 

Column 2 and 3 include all households from the Yungas and Chuquisaca region respectively.  Community dummies 

are omitted from the output. Optimal cut-off is determined based on Youden’s index (1950). Clustered standard errors 

in parentheses. *** p<0.01, ** p<0.05, * p<0.1 
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Table A3: Prediction model for agriculture 
 (1) (2) (3) 

VARIABLES  Loan uptake (Overall) Loan uptake  

(Yungas region) 

Loan uptake  

(Chuquisaca region) 

    

Have another loan (1=yes) -0.502 0.095 -2.241*** 

 (0.335) (0.410) (0.763) 

Distance to market (min) -0.003 -0.009** -0.001 

 (0.002) (0.004) (0.002) 

#Household members 0.202*** 0.128 0.235*** 

 (0.051) (0.084) (0.060) 

Dependency ratio -1.216** -0.349 -1.970*** 

 (0.544) (1.030) (0.586) 

Gender of household head (1=female) 0.678** 0.973** -0.229 

 (0.315) (0.408) (0.532) 

Gender ratio -1.081 -0.360 -2.147* 

 (0.909) (1.398) (1.119) 

Age of household head -0.032*** -0.042*** -0.020 

 (0.008) (0.012) (0.012) 

Education of household head (years) -0.042 -0.030 -0.072 

 (0.033) (0.035) (0.067) 

Household asset index 0.182 -0.121 0.292 

 (0.117) (0.142) (0.186) 

Own home (1=yes) -0.827*** -0.687* -1.252** 

 (0.296) (0.411) (0.559) 

Risk game (1=played) 0.295* 0.166 0.401 

 (0.173) (0.265) (0.257) 

Number of MFIs known 0.301*** 0.300*** 0.367*** 

 (0.077) (0.112) (0.104) 

Had shock -0.215 -0.043 -0.463* 

 (0.186) (0.282) (0.239) 

Chuquisaca region (1=yes) -1.007*** - - 

 (0.340)   

Constant 2.460*** 2.215* 1.655 

 (0.932) (1.314) (1.199) 

    

Observations 861 394 467 

Area under ROC-curve 0.8044 0.8101 0.8175 

Optimal cut-off 0.2887 0.3698 0.2787 

Notes: The columns present the odds ratio estimate of the logit model used to predict the composition of the 

borrowers and non-borrowers in the expansion areas. Sample only include households that have indicated to have 

agricultural activities. Column 1 is all households from the areas where the MFI is currently active (Coroico and 

San Lucas). Column 2 and 3 include all households from the Yungas and Chuquisaca region respectively.  

Community dummies are omitted from the output. Optimal cut-off is determined based on Youden’s index (1950). 

Clustered standard errors in parentheses. *** p<0.01, ** p<0.05, * p<0.1 
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Table A4: Prediction model for other income 
 (1) (2) (3) 

VARIABLES  Loan uptake (Overall) Loan uptake  

(Yungas region) 

Loan uptake  

(Chuquisaca region) 

    

Have another loan (1=yes) -0.448 0.076 -2.299** 

 (0.283) (0.311) (0.960) 

Distance to market (min) -0.003 -0.008** -0.001 

 (0.002) (0.004) (0.003) 

#Household members 0.183*** 0.069 0.251*** 

 (0.049) (0.075) (0.067) 

Dependency ratio -1.305*** -0.662 -1.981*** 

 (0.476) (0.715) (0.640) 

Gender of household head (1=female) 0.399 0.386 0.106 

 (0.278) (0.350) (0.530) 

Gender ratio -1.559* -0.796 -2.762** 

 (0.808) (1.046) (1.218) 

Age of household head -0.039*** -0.052*** -0.021* 

 (0.007) (0.009) (0.012) 

Education of household head (years) -0.029 -0.023 -0.053 

 (0.031) (0.039) (0.058) 

Household asset index 0.152 -0.035 0.255 

 (0.111) (0.131) (0.184) 

Own home (1=yes) -0.552* -0.310 -1.094 

 (0.303) (0.414) (0.727) 

Risk game (1=played) 0.269 0.134 0.357 

 (0.193) (0.288) (0.276) 

Number of MFIs known 0.288*** 0.255*** 0.370*** 

 (0.070) (0.094) (0.094) 

Had shock -0.190 0.185 -0.558** 

 (0.184) (0.256) (0.264) 

Chuquisaca region (1=yes) -1.782***   

 (0.319)   

Constant 3.240*** 3.549*** 1.414 

 (0.773) (0.879) (1.160) 

    

Observations 871 417 454 

Area under ROC-curve 0.8105 0.8098 0.8227 

Optimal cut-off 0.3359 0.4545 0.2686 

Notes: The columns present the odds ratio estimate of the logit model used to predict the composition of the borrowers and 

non-borrowers in the expansion areas. Sample only includes households that have any other income than business and 

agriculture, such as salaried labour, remittances and government transfers. Column 1 is all households from the areas where 

the MFI is currently active (Coroico and San Lucas). Column 2 and 3 includes all households from the Yungas and Chuquisaca 

region respectively.  Community dummies are omitted from the output. Optimal cut-off is determined based on Youden’s index 

(1950). Clustered standard errors in parentheses. *** p<0.01, ** p<0.05, * p<0.1 
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An alternative method – Propensity Score Matching 

One of the most widely used methods for estimating program impacts, are methods which relies on 

unconfoundedness (Imbens and Wooldridge, 2009).34 One of such techniques is propensity score 

matching (PSM). In this section, we present PSM as an alternative technique to measure the impact 

of loans from the MFI under study, discuss the assumptions behind PSM, and argue why the Coleman 

inspired method presented earlier is preferred.  

 

When estimating program impacts, two parameters are considered. The population average treatment 

effect (ATE), and the average treatment effect on the treated (ATT). The ATE answers the question: 

“What is the expected effect on the outcome in question if households in the population were 

randomly assigned to a loan”. This estimate is often not relevant to policy makers as it includes the 

effect on households for whom the intervention was not intended for. In our application, loans from 

the MFI under study are targeted at poor households, not millionaires. For this reason, the ATT is 

more appealing, as it focuses plainly on the effects on the households for whom the loans are actually 

meant for.  

 

The key assumption for identification of the PSM estimator, is unconfoundedness, which was 

introduced by Rosenbaum and Rubin (1983b). Unconfoundedness assumes that we have a set of 

(observable) covariates, such that controlling for differences in these leads to valid estimates of causal 

effects. That is, outside the observed covariates there are no unobserved covariates of the households 

associated with both the treatment and possible outcomes. Furthermore, Imbens (2004) show that if 

potential outcomes are independent conditional on the set of covariates, they are also independent of 

treatment conditional on the propensity score, i.e. the probability of a household to have a loan.  That 

is, under unconfoundedness, all biases due to observable covariates can be removed by conditioning 

on the propensity score. Estimating the propensity score be conducted via estimation of a discrete 

choice model such as logit (similar to the prediction of future clients for the Difference-in-Difference 

model).  

 

An additional assumption besides unconfoundedness is the common support or overlap assumption. 

The ATT, which we are interested in estimating, is only defined within the regions of common 

support, and a violation of this condition is a major source of bias (Heckman et al.,1997a). This 

condition implies, that the distribution of the propensity score for the control group completely 

                                                   
34 This assumption can also be referred to as selection on observables (Heckman and Robb, 1985), or conditional independence 

assumption (CIA) (Lechner, 1999). We will use these terms interchangeably in this thesis. 
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overlap that of the treatment group. It ensures that households with the same propensity score, as 

estimated through the logit model, have a probability greater than 0 of being either control or 

treatment. In other words, applying the common support condition makes us certain that any 

combination of observed characteristics found in the treatment group also can be found in the control 

group (Bryson et al., 2002).35 Hence, we are trying to avoid comparing the incomparable, by omitting 

the subset of the control group which is not comparable to the treatment group. Together with 

unconfoundedness, the PSM estimator is basically the mean difference in outcomes over the 

identified common support, where observations are weighted by the propensity score distribution.   

 

As specified above, the matching strategy (or more specifically for our application, the PSM strategy) 

builds on the CIA, which requires that the outcome variable(s) has to be independent of the treatment 

indicator given the propensity score. Hence, implementing matching necessitates selecting a set of 

covariates that satisfy this condition. Omitting important variables would cause a serious bias in the 

estimated treatment effect Dehejia and Wahba (1999). It should therefore be obvious that only 

exogenous variables should be included, and these variables should simultaneously influence the 

outcome variable and the treatment indicator. In our application, we applied the same set of covariates 

to estimate the propensity score, as when we estimated our prediction model for the diff-in-diff model 

(see section 4.1). Applying the same set of covariates makes us able to better compare the two 

methods, and justify our choice. In fact, the approach is identical to our difference-in-difference 

approach in the first step, in that we are estimating the propensity score i.e. the probability of 

treatment (having a loan from the MFI under study). Hence, for both methods, we use the sample of 

all households in the area where the MFI is currently active. The differences between the two 

approaches lies in the steps to follow. Contrary to the difference-in-difference approach we are not 

going to classify households into 0s and 1s. Instead, we are going to match the households who are 

currently active borrowers with households in the expansion area based on their propensity scores. It 

is clear that the better matches for the active borrowers are to be found in the expansion area. Besides, 

we are not interested in matching the current active borrowers with the currently non-borrowers. For 

those reasons, we only consider the sample of current borrowers, and the households from the 

expansion areas when matching.       

 

Upon estimating the propensity score, and restricting the sample to only include observations on the 

common support, we have to decide on what matching algorithm to apply when estimating the ATT. 

                                                   
35 For the ATT, which we are interested in, this is enough to ensure the existence of potential matches in the control group, whereas 

for the ATE, we would have required the reverse to hold. That is, the combination of characteristics in the control group also can be 

observed in the treatment group (Caliendo and Kopeinig, 2008)  
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For our application, a kernel matching technique has been used.36 It is a nonparametric matching 

estimator which uses the weighted average of the observations in the control group. It thus has the 

advantage that it achieves a lower variance due to the increased amount of information it uses. The 

only drawback is that it then possible uses observations which are bad matches. When applying kernel 

matching we would have to choose the kernel function and the bandwidth parameter; the first one 

being unimportant in practice (DiNardo and Tobias, 2001). The second choice, however, presents 

itself with a trade-off. A high bandwidth parameter would lead to a lower variance between the 

estimated and true underlying density function. On the other hand, you risk that some underlying 

features may be smoothed away, and thus lead to a biased estimate. For our application, the 

epanechnikov kernel function with a bandwidth of 0.06 is chosen. The bandwidth of 0.06 is a 

somewhat low bandwidth, as thus we are going for the least possible bias. Lastly, like with our 

difference-in-difference approach, we bootstrap the standard errors. We perform 1,000 replications, 

and we furthermore cluster the standard errors by communities to control for intraclass correlation 

between the communities. 

 

After the matching is done, we can assess whether the common support condition holds, and quality 

of our matches. The former is the easiest to check, as simply inspecting the distribution plot of the 

propensity scores would suffice (Lechner, 2001b). We have included a graph of the common support 

in the appendix, and a quick inspection indicates no violation of the common support condition. 

Checking the quality of our matches difficult. Various approaches have been suggested, and common 

for them all is that it comes down to comparing the situation before and after the matching, and check 

if any differences remain after conditioning on the propensity score (Caliendo et al, 2008). One way 

of checking this is by using the standardized bias as suggested by Rosenbaum and Rubin (1985). The 

problem with this approach is that it does not have a clear indication for the success of the applying 

matching procedure. However, most empirical studies see a standardized bias below 5% as sufficient 

(Caliendo et al, 2008). In our application, we find the majority of the standardized bias to be below 

5%, with only a few above the 5%, thus indicating a good matching quality.37 All the PSM results 

can be found in the appendix.  

 

We have provided a detailed explanation of the PSM that we implemented next to our difference-in-

difference approach explained in the first part of this section. However, in terms of the main results 

for this study, we choose to apply the difference-in-difference method. The main reason for that lies 

                                                   
36 Asymptotically, all the PSM estimators would give the same results, as with a larger sample they all become closer at only 

comparing exact matches (Smith, 2000). 
37 The standardized biases are available upon request. 
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in the assumptions underlying the PSM approach, namely the unconfoundedness assumption. As 

explained earlier, the assumption states that once we control for all our observable characteristics, no 

unobserved characteristics influences both the treatment and possible outcome. However, there is 

reason to believe that the assumption of unconfoundedness is not satisfied, or to the very least, that 

the assumptions underlying our difference-in-difference methodology are more plausible. Under the 

unconfoundedness assumption, we are basically believing that once we control for our observables, 

that there are no (relevant) unobserved differences between the households who are active borrowers, 

and the households in the expansion areas. Yet, it is very likely that the areas are different from each 

other in some aspects, whether it is physical, economic or social environment. In other words, 

program placement bias is likely to still be present. When we apply the difference-in-difference 

methodology, we control for program placement bias, through the differencing that takes place. The 

first ‘difference’, takes the difference between the predicted borrowers and non-borrowers in the 

active and expansion area, respectively. The second ‘difference’ in then between the two areas.38 We 

therefore suspect that the PSM results are subject to bias, which the difference-in-difference to a 

better extent migrate.  

 

 

 
Figure A7: Common support graph: Full sample 
 

                                                   
38 The idea can be displayed in figure 2 as: (A – B ) – (C – D). 



525243-L-bw-Eriksen525243-L-bw-Eriksen525243-L-bw-Eriksen525243-L-bw-Eriksen
Processed on: 19-10-2018Processed on: 19-10-2018Processed on: 19-10-2018Processed on: 19-10-2018 PDF page: 111PDF page: 111PDF page: 111PDF page: 111

 

 

IMPACT EVALUATIONS, BIAS, AND BIAS REDUCTION 

 

 

 

105 

 

 

 
Figure A8: Common support graph: Yungas 

 
 

 
Figure A9: Common support graph: Chuquisaca 
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Table A5: Total loans outstanding and income results 
 (1) (2) (3) (4) (5) (6) 

VARIABLES Total loans 

outstanding  

Total loans 

outstanding: 

Yungas 

Total loans 

outstanding: 

Chuquisaca 

Total monthly 

income 

Total monthly 

income: 

Yungas 

Total monthly 

income: 

Chuquisaca 

       

ATT 12,135.46*** 18,149.62*** 4,882.13*** 325.83 651.91** -279.60 

 (2,113.40) (2,095.29) (1,765.01) (226.17) (303.14) (349.33) 

       

Observations 1,312 690 622 1,312 690 622 

Notes: Outcome variables are matched using the kernel matching technique. The underlying kernel function is an 

epanechnikov kernel with a bandwidth of 0.06. The sample includes all households from the current area where the MFI 

under study is active, and the expansion areas, for either both regions or each region separately. The sample is limited to all 

households on the common support as explained in the appendix. Total income includes: Business revenues, agricultural 

income, and other income, where other income is constituted of salaried labor, remittances, and other transfers. All monetary 

values are expressed in bolivianos. All variables have been winsor transformed to avoid extreme outliers. Bootstrapped 

standard errors with 1,000 replications in parentheses. *** p<0.01, ** p<0.05, * p<0.1 

Table A6: Business revenues results 
 (1) (2) (3) (4) (5) (6) 

VARIABLES Total monthly 

business 

revenues 

Total monthly 

business 

revenues: 

Yungas 

Total monthly 

business 

revenues: 

Chuquisaca 

Total monthly 

business 

revenues 

(”Intensive 

margin”) 

Total monthly 

business 

revenues: 

Yungas 

(”Intensive 

margin”) 

Total monthly 

business 

revenues: 

Chuquisaca 

(”Intensive 

margin”) 

       

ATT 374.47* 298.25 473.92 143.05 286.16 766.28 

 (194.70) (253.80) (330.29) (502.95) (383.91) (883.02) 

       

Observations 1,312 690 622 337 157 114 

Notes: Outcome variables are matched using the kernel matching technique. The underlying kernel function is an 

epanechnikov kernel with a bandwidth of 0.06. The sample includes all households from the current area where the MFI 

under study is active, and the expansion areas, for either both regions or each region separately. The sample is limited to all 

households on the common support as explained in the appendix. Column (4)-(6) presents the results limiting the sample to 

households that have indicated to have a business. All monetary values are expressed in bolivianos. All variables have been 

winsor transformed to avoid extreme outliers. Bootstrapped standard errors with 1,000 replications in parentheses. *** 

p<0.01, ** p<0.05, * p<0.1 

 

Table A7: Agricultural sales results 
 (1) (2) (3) (4) (5) (6) 

VARIABLES Total monthly 

agricultural 

sales 

Total monthly 

agricultural 

sales: Yungas 

Total monthly 

agricultural 

sales: 

Chuquisaca 

Total monthly 

agricultural 

sales 

(”Intensive 

margin”) 

Total monthly 

agricultural 

sales: Yungas 

(”Intensive 

margin”) 

Total monthly 

agricultural 

sales: 

Chuquisaca 

(”Intensive 

margin”) 

       

ATT -203.39*** -104.76* -401.05*** -175.88*** -40.66 -461.17*** 

 (51.85) (59.15) (84.33) (54.02) (62.19) (87.38) 

       

Observations 1,312 690 622 1,189 628 561 

Notes: Outcome variables are matched using the kernel matching technique. The underlying kernel function is an 

epanechnikov kernel with a bandwidth of 0.06. The sample includes all households from the current area where the MFI 

under study is active, and the expansion areas, for either both regions or each region separately. The sample is limited to all 

households on the common support as explained in the appendix. Column (4)-(6) presents the results limiting the sample to 

households that have indicated to engage in agricultural activities. All monetary values are expressed in bolivianos. All 

variables have been winsor transformed to avoid extreme outliers. Bootstrapped standard errors with 1,000 replications in 

parentheses. *** p<0.01, ** p<0.05, * p<0.1 
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Table A8: Other income results 
 (1) (2) (3) (4) (5) (6) 

VARIABLES Total monthly 

other income 

Total monthly 

other income: 

Yungas 

Total monthly 

other income: 

Chuquisaca 

Total monthly 

other income 

(”Intensive 

margin”) 

Total monthly 

other income: 

Yungas 

(”Intensive 

margin”) 

Total monthly 

other income: 

Chuquisaca 

(”Intensive 

margin”) 

       

ATT 154.75* 458.42*** -352.48*** 95.99 401.79 -380.10*** 

 (86.40) (108.56) (128.46) (97.47) (111.13) (129.05) 

       

Observations 1,312 690 622 1,120 546 574 

Notes: Outcome variables are matched using the kernel matching technique. The underlying kernel function is an epanechnikov 

kernel with a bandwidth of 0.06. The sample includes all households from the current area where the MFI under study is active, and 

the expansion areas, for either both regions or each region separately. The sample is limited to all households on the common support 

as explained in appendix 4. Column (4)-(6) presents the results limiting the sample to households that have indicated any other 

income. Other income is constituted of salaried labor, remittances, and other transfers. All monetary values are expressed in 

bolivianos. All variables have been winsor transformed to avoid extreme outliers. Bootstrapped standard errors with 1,000 

replications in parentheses. *** p<0.01, ** p<0.05, * p<0.1 

 

Table A9: Income distribution results 
 (1) (2) (3) (4) (5) (6) (7) (8) (9) 

VARIABLES % 

business 

income  

% 

business 

income: 

Yungas 

% business 

income: 

Chuquisaca 

% 

agricultural 

income  

% 

agricultural 

income: 

Yungas 

% 

agricultural 

income: 

Chuquisaca 

% other 

income  

% other 

income: 

Yungas 

% other 

income: 

Chuquisaca 

          

ATT 10.93*** 10.39*** 16.52*** -12.02*** -15.42*** -14.22*** 1.09 5.04 -2.30 

 (3.03) (3.58) (4.74) (3.77) (4.91) (5.00) (2.84) (3.42) (5.34) 

          

Observations 1,304 686 618 1,304 686 618 1,304 686 618 

Notes: Outcome variables are matched using the kernel matching technique. The underlying kernel function is an 

epanechnikov kernel with a bandwidth of 0.06. The sample includes all households from the current area where the MFI 

under study is active, and the expansion areas, for either both regions or each region separately. The sample is limited to 

all households on the common support as explained in the appendix. % business income is calculated as the % of total 

income that originates from the business activities of the household. % agricultural income is calculated as the % of total 

income that originates from the agricultural activities of the household. % other income is calculated as the % of total 

income that originates from other income activities of the household. The three income components all add up to 1. All 

variables have been winsor transformed to avoid extreme outliers. Bootstrapped standard errors with 1,000 replications 

in parentheses. *** p<0.01, ** p<0.05, * p<0.1 

 

 

 

 

 

  



525243-L-bw-Eriksen525243-L-bw-Eriksen525243-L-bw-Eriksen525243-L-bw-Eriksen
Processed on: 19-10-2018Processed on: 19-10-2018Processed on: 19-10-2018Processed on: 19-10-2018 PDF page: 114PDF page: 114PDF page: 114PDF page: 114

 

 

THE IMPACT OF MICROCREDIT  

 

 

108 

 

 

Results without controls 

Table A10: Total loans outstanding results 
 (1) (2) (3) (4) (5) (6) 

VARIABLES Total loans 

outstanding  

Total loans 

outstanding: 

Yungas 

Total loans 

outstanding: 

Chuquisaca 

Total monthly 

income 

Total monthly 

income: 

Yungas 

Total monthly 

income: 

Chuquisaca 

       

Take up 8,936.074*** 10,450.466*** -3,857.526 864.709*** 438.768 760.126* 

 (2,384.732) (3,644.711) (3,943.987) (227.750) (434.943) (421.808) 

Access 6,070.202*** 13,441.205*** -3,298.548 127.079 403.963 -528.841* 

 (2,312.385) (3,980.336) (2,663.870) (236.127) (443.620) (270.380) 

Take up*Access -1,022.868 -3,020.066 4,024.277 -179.584 -152.157 -67.946 

 (2,687.665) (4,275.851) (3,600.361) (276.185) (510.419) (431.071) 

Constant 2,231.714 3,073.469 7,815.860*** 1,079.408*** 1,284.500*** 1,547.815*** 

 (2,044.793) (3,565.712) (3,023.949) (212.562) (403.393) (280.665) 

       

Observations 1,994 990 1,004 1,994 990 1,004 

Effect size -0.046 -0.120 0.238 -0.072 -0.057 -0.029 

Notes: Outcome variables are regressed on a take up dummy, access dummy, an interaction of the two. The sample includes 

all households from the current area where the MFI under study is active, and the expansion areas, for either both regions or 

each region separately. Total income includes: Business revenues, agricultural income, and other income, where other income 

is constituted of salaried labor, remittances, and other transfers.  All monetary values are expressed in bolivianos. All variables 

have been winsor transformed to avoid extreme outliers. Effect size represents that standardized coefficient of ‘Take 

up*Access’. It gives a measure of the relative strength of the coefficient. Bootstrapped standard errors with 1,000 replications 

in parentheses. *** p<0.01, ** p<0.05, * p<0.1 

 

 

Table A11: Business revenues results 
 (1) (2) (3) (4) (5) (6) 

VARIABLES Total monthly 

business 

revenues 

Total monthly 

business 

revenues: 

Yungas 

Total monthly 

business 

revenues: 

Chuquisaca 

Total monthly 

business 

revenues 

(”Intensive 

margin”) 

Total monthly 

business 

revenues: 

Yungas 

(”Intensive 

margin”)1 

Total monthly 

business 

revenues: 

Chuquisaca 

(”Intensive 

margin”) 

       

Take up 606.640*** 278.884 235.880 929.422 -1,709.420 100.973 

 (179.526) (453.440) (301.622) (643.539) (2,611.618) (1,318.952) 

Access 190.482 161.981 -252.569 -486.611 -2,317.833 -1,040.595 

 (185.377) (449.686) (195.246) (561.149) (2,544.503) (996.998) 

Take up*Access -116.578 -86.515 445.017 194.506 1,842.959 1,674.901 

 (224.925) (515.506) (345.734) (775.081) (2,646.300) (1,414.380) 

Constant 209.655 476.714 562.943*** 2,275.441*** 5,026.500** 1,992.857** 

 (161.576) (403.938) (199.547) (473.413) (2,508.192) (982.267) 

       

Observations 1,994 990 1,004 513 235 278 

Effect size -0.052 -0.035 0.225 0.051 0.424 0.513 

Notes: Outcome variables are regressed on a take up dummy, access dummy, an interaction of the two. The sample includes 

all households from the current area where the MFI under study is active, and the expansion areas, for either both regions or 

each region separately. Column (4)-(6) presents the results limiting the sample to households that have indicated to have a 

business. All monetary values are expressed in bolivianos. All variables have been winsor transformed to avoid extreme 

outliers. Effect size represents that standardized coefficient of ‘Take up*Access’. It gives a measure of the relative strength 

of the coefficient. Bootstrapped standard errors with 1,000 replications in parentheses. *** p<0.01, ** p<0.05, * p<0.1 
1) For the subsample in the Yungas region, some of the community dummies are omitted due to perfect collinearity 

(community 1, 2, 13, 15, 22 and 23).  
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Table A12: Agricultural sales results 
 (1) (2) (3) (4) (5) (6) 

VARIABLES Total monthly 

agricultural 

sales 

Total monthly 

agricultural 

sales: Yungas 

Total monthly 

agricultural 

sales: 

Chuquisaca 

Total monthly 

agricultural 

sales 

(”Intensive 

margin”) 

Total monthly 

agricultural 

sales: Yungas 

(”Intensive 

margin”) 

Total monthly 

agricultural 

sales: 

Chuquisaca 

(”Intensive 

margin”) 

       

Take up 130.700** 8.424 189.495 139.970* -0.055 188.186 

 (66.167) (83.426) (115.539) (74.425) (96.344) (125.245) 

Access -135.979** -62.748 -250.343*** -125.789* 22.506 -300.839*** 

 (63.013) (82.732) (76.197) (72.903) (87.531) (80.486) 

Take up*Access -77.932 -61.589 -208.901* -80.107 -99.275 -185.287 

 (76.854) (99.198) (120.740) (88.400) (106.266) (130.789) 

Constant 391.206*** 471.136*** 434.965*** 422.051*** 505.206*** 489.380*** 

 (59.762) (67.458) (73.476) (66.829) (77.031) (78.412) 

       

Observations 1,994 990 1,004 1,788 866 922 

Effect size -0.141 -0.117 -0.363 -0.141 -0.186 -0.314 

Notes: Outcome variables are regressed on a take up dummy, access dummy, an interaction of the two. The sample includes 

all households from the current area where the MFI under study is active, and the expansion areas, for either both regions or 

each region separately. Column (4)-(6) presents the results limiting the sample to households that have indicated to engage 

in agricultural activities. All monetary values are expressed in bolivianos. All variables have been winsor transformed to 

avoid extreme outliers. Effect size represents that standardized coefficient of ‘Take up*Access’. It gives a measure of the 

relative strength of the coefficient. Bootstrapped standard errors with 1,000 replications in parentheses. *** p<0.01, ** 

p<0.05, * p<0.1 

 

Table A13: Other income results 
 (1) (2) (3) (4) (5) (6) 

VARIABLES Total monthly 

other income 

Total monthly 

other income: 

Yungas 

Total monthly 

other income: 

Chuquisaca 

Total monthly 

other income 

(”Intensive 

margin”) 

Total monthly 

other income: 

Yungas 

(”Intensive 

margin”) 

Total monthly 

other income: 

Chuquisaca 

(”Intensive 

margin”) 

       

Take up 127.370 151.460 334.751** 258.531** 217.277 365.576** 

 (98.407) (115.036) (163.224) (101.672) (150.250) (179.072) 

Access 72.576 304.730** -25.928 116.871 286.154* -5.197 

 (89.604) (129.082) (111.783) (91.303) (159.629) (119.219) 

Take up*Access 14.926 -4.054 -304.062* -72.825 83.451 -374.041* 

 (134.357) (190.211) (177.326) (145.600) (222.857) (202.258) 

Constant 478.547*** 336.650*** 549.906*** 512.967*** 427.222*** 594.979*** 

 (66.893) (76.492) (91.609) (63.448) (108.216) (102.761) 

       

Observations 1,994 990 1,004 1,715 792 923 

Effect Size 0.014 -0.004 -0.296 -0.067 0.075 -0.355 

Notes: Outcome variables are regressed on a take up dummy, access dummy, and an interaction of the two. The sample 

includes all households from the current area where the MFI under study is active, and the expansion areas, for either both 

regions or each region separately. Column (4)-(6) presents the results limiting the sample to households that have indicated 

any other income. Other income is constituted of salaried labor, remittances, and other transfers. All monetary values are 

expressed in bolivianos. All variables have been winsor transformed to avoid extreme outliers. Bootstrapped standard errors 

with 1,000 replications in parentheses. *** p<0.01, ** p<0.05, * p<0.1 
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Table A14: Income distribution results 
 (1) (2) (3) (4) (5) (6) (7) (8) (9) 

VARIABLES % 

business 

income  

% 

business 

income: 

Yungas 

% business 

income: 

Chuquisaca 

% 

agricultural 

income  

% 

agricultural 

income: 

Yungas 

% 

agricultural 

income: 

Chuquisaca 

% other 

income  

% other 

income: 

Yungas 

% other 

income: 

Chuquisaca 

          

Take up 10.256*** 9.720* -0.760 8.618* 0.682 6.050 -18.873*** -10.402 -5.290 

 (3.198) (5.685) (4.710) (5.127) (6.445) (5.475) (6.194) (8.947) (5.609) 

Access 6.447* 11.347* -3.452 -1.450 -9.728 -1.905 -4.996 -1.619 5.356 

 (3.328) (5.960) (3.529) (4.826) (7.022) (4.306) (5.789) (7.500) (4.152) 

Take up*Access 0.654 -7.611 19.731*** -12.402* -3.259 -18.637*** 11.748* 10.870 -1.094 

 (4.151) (6.872) (5.536) (6.671) (9.429) (6.218) (6.745) (10.552) (6.587) 

Constant 6.548** 5.532 15.476*** 34.991*** 47.380*** 33.341*** 58.461*** 47.088*** 51.183*** 

 (2.867) (4.906) (3.499) (4.326) (5.180) (3.698) (5.512) (6.791) (3.531) 

          

Observations 1,994 990 1,004 1,994 990 1,004 1,994 990 1,004 

Effect size 0.020 -0.238 0.611 -0.334 -0.083 -0.543 0.300 0.275 -0.029 

Notes: Outcome variables are regressed on a take up dummy, access dummy, an interaction of the two. The sample includes 

all households from the current area where the MFI under study is active, and the expansion areas, for either both regions or 

each region separately. % business income is calculated as the % of total income that originates from the business activities of 

the household. % agricultural income is calculated as the % of total income that originates from the agricultural activities of 

the household. % other income is calculated as the % of total income that originates from other income activities of the 

household. The three income components all add up to 1. All variables have been winsor transformed to avoid extreme outliers. 

Effect size represents that standardized coefficient of ‘Take up*Access’. It gives a measure of the relative strength of the 

coefficient. Bootstrapped standard errors with 1,000 replications in parentheses. *** p<0.01, ** p<0.05, * p<0.1 
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Results excluding observations more than three standard deviations away from the mean 

Table A15: Total loans outstanding results (reduced sample) 
 (1) (2) (3) (4) (5) (6) 

VARIABLES Total loans 

outstanding  

Total loans 

outstanding: 

Yungas 

Total loans 

outstanding: 

Chuquisaca 

Total monthly 

income 

Total monthly 

income: 

Yungas 

Total monthly 

income: 

Chuquisaca 

       

Take up -1,666.375 -1,747.883 -1,096.169 369.006* 71.536 306.351 

 (1,366.757) (2,566.890) (861.976) (198.640) (274.820) (261.199) 

Access -180.419 6,067.446 326.217 408.464 695.448 472.933 

 (1,961.371) (3,965.963) (1,588.250) (372.228) (471.594) (486.700) 

Take up*Access 3,864.042** 1,486.981 2,560.051** -109.149 -146.528 -250.355 

 (1,528.233) (3,490.226) (1,114.732) (209.523) (297.840) (267.524) 

Constant -1,922.209 -695.546 -426.148 747.967** 1,130.385** 1,331.320** 

 (2,962.757) (4,911.199) (1,705.589) (344.006) (498.964) (620.310) 

       

Observations 1,946 969 980 1,954 970 982 

Effect size 0.260 0.076 0.330 -0.071 -0.096 -0.166 

Notes: Outcome variables are regressed on a take up dummy, access dummy, an interaction of the two. The sample includes 

all households from the current area where the MFI under study is active, and the expansion areas, for either both regions or 

each region separately. Observations more than three standard deviations from the mean has been removed. Total income 

includes: Business revenues, agricultural income, and other income, where other income is constituted of salaried labor, 

remittances, and other transfers.  All monetary values are expressed in bolivianos. All variables have been winsor transformed 

to avoid extreme outliers. Effect size represents that standardized coefficient of ‘Take up*Access’. It gives a measure of the 

relative strength of the coefficient. Bootstrapped standard errors with 1,000 replications in parentheses. *** p<0.01, ** 

p<0.05, * p<0.1 

 

Table A16: Business revenues results (reduced sample) 
 (1) (2) (3) (4) (5) (6) 

VARIABLES Total monthly 

business 

revenues 

Total monthly 

business 

revenues: 

Yungas 

Total monthly 

business 

revenues: 

Chuquisaca 

Total monthly 

business 

revenues 

(”Intensive 

margin”) 

Total monthly 

business 

revenues: 

Yungas 

(”Intensive 

margin”)1 

Total monthly 

business 

revenues: 

Chuquisaca 

(”Intensive 

margin”) 

       

Take up 300.629* 405.478 -74.559 -241.477 556.205 200.504 

 (173.082) (258.346) (218.211) (746.499) (1,153.353) (1,224.768) 

Access 313.259 555.500 541.569 -235.928 -1,028.141 -1,218.381 

 (294.626) (468.918) (420.437) (1,037.901) (1,454.543) (1,328.833) 

Take up*Access 106.836 -335.176 306.863* 520.427 968.222 973.463 

 (169.788) (238.922) (193.430) (766.633) (1,244.381) (1,182.335) 

Constant 39.313 -45.673 717.133* 1,838.697 428.127 2,716.035 

 (290.411) (493.723) (370.096) (1,488.220) (2,267.660) (1,763.977) 

       

Observations 1,964 976 990 502 227 275 

Effect size 0.087 -0.252 0.254 0.192 0.344 0.372 

Notes: Outcome variables are regressed on a take up dummy, access dummy, an interaction of the two, and additional control 

variables described in table 5. The sample includes all households from the current area where the MFI under study is active, 

and the expansion areas, for either both regions or each region separately. Observations more than three standard deviations 

from the mean has been removed. Column (4)-(6) presents the results limiting the sample to households that have indicated 

to have a business. All monetary values are expressed in bolivianos. All variables have been winsor transformed to avoid 

extreme outliers. Effect size represents that standardized coefficient of ‘Take up*Access’. It gives a measure of the relative 

strength of the coefficient. Bootstrapped standard errors with 1,000 replications in parentheses. *** p<0.01, ** p<0.05, * 

p<0.1 
1) For the subsample in the Yungas region, some of the community dummies are omitted due to perfect collinearity 

(community 1, 2, 13, 15, 22 and 23). 

 

 

 

 

 



525243-L-bw-Eriksen525243-L-bw-Eriksen525243-L-bw-Eriksen525243-L-bw-Eriksen
Processed on: 19-10-2018Processed on: 19-10-2018Processed on: 19-10-2018Processed on: 19-10-2018 PDF page: 118PDF page: 118PDF page: 118PDF page: 118

 

 

THE IMPACT OF MICROCREDIT  

 

 

112 

 

 

Table A17: Agricultural sales results (reduced sample) 
 (1) (2) (3) (4) (5) (6) 

VARIABLES Total monthly 

agricultural 

sales 

Total monthly 

agricultural 

sales: Yungas 

Total monthly 

agricultural 

sales: 

Chuquisaca 

Total monthly 

agricultural 

sales 

(”Intensive 

margin”) 

Total monthly 

agricultural 

sales: Yungas 

(”Intensive 

margin”) 

Total monthly 

agricultural 

sales: 

Chuquisaca 

(”Intensive 

margin”) 

       

Take up 88.481 2.855 157.303* 155.054** 19.485 138.795 

 (73.159) (75.529) (86.429) (74.282) (83.934) (88.725) 

Access 61.456 -83.802 113.139 162.351 25.684 148.079** 

 (94.141) (116.368) (77.631) (111.724) (152.115) (71.972) 

Take up*Access -108.834 -12.706 -156.752** -146.885** -39.423 -135.076* 

 (67.970) (83.715) (74.042) (71.927) (89.015) (81.361) 

Constant 13.319 87.863 -318.121** -34.217 146.500 -290.419 

 (115.924) (113.253) (156.722) (130.832) (135.577) (178.788) 

       

Observations 1,939 965 974 1,737 843 894 

Effect size -0.255 -0.030 -0.372 -0.332 -0.091 -0.307 

Notes: Outcome variables are regressed on a take up dummy, access dummy, an interaction of the two, and additional control 

variables described in table 5. The sample includes all households from the current area where the MFI under study is active, 

and the expansion areas, for either both regions or each region separately. Observations more than three standard deviations 

from the mean has been removed. Column (4)-(6) presents the results limiting the sample to households that have indicated 

to engage in agricultural activities. All monetary values are expressed in bolivianos. All variables have been winsor 

transformed to avoid extreme outliers. Effect size represents that standardized coefficient of ‘Take up*Access’. It gives a 

measure of the relative strength of the coefficient. Bootstrapped standard errors with 1,000 replications in parentheses. *** 

p<0.01, ** p<0.05, * p<0.1 

 

Table A18: Other income results 
 (1) (2) (3) (4) (5) (6) 

VARIABLES Total monthly 

other income 

Total monthly 

other income: 

Yungas 

Total monthly 

other income: 

Chuquisaca 

Total monthly 

other income 

(”Intensive 

margin”) 

Total monthly 

other income: 

Yungas 

(”Intensive 

margin”) 

Total monthly 

other income: 

Chuquisaca 

(”Intensive 

margin”) 

       

Take up -31.601 -123.866 135.025 108.167 -154.058 213.943 

 (80.157) (143.843) (130.253) (96.110) (198.957) (141.793) 

Access -106.374 -165.911 -214.444 -132.462 -450.584 -307.473* 

 (184.790) (267.470) (163.933) (201.058) (319.334) (175.207) 

Take up*Access -38.013 149.255 -252.171** -152.737 342.713* -271.181** 

 (94.169) (155.746) (122.381) (109.352) (202.821) (129.433) 

Constant 611.045*** 558.495** 957.636*** 765.350*** 819.577*** 1,299.520*** 

 (175.777) (264.470) (307.393) (207.462) (315.060) (356.765) 

       

Observations 1,934 957 977 1,666 772 898 

Effect Size -0.055 0.209 -0.370 -0.199 0.396 -0.382 

Notes: Outcome variables are regressed on a take up dummy, access dummy, and an interaction of the two. The sample 

includes all households from the current area where the MFI under study is active, and the expansion areas, for either both 

regions or each region separately. Observations more than three standard deviations from the mean has been removed. 

Column (4)-(6) presents the results limiting the sample to households that have indicated any other income. Other income is 

constituted of salaried labor, remittances, and other transfers. All monetary values are expressed in bolivianos. All variables 

have been winsor transformed to avoid extreme outliers. Effect size represents that standardized coefficient of ‘Take 

up*Access’. It gives a measure of the relative strength of the coefficient. Bootstrapped standard errors with 1,000 replications 

in parentheses. *** p<0.01, ** p<0.05, * p<0.1 
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Table A19: Income distribution results (reduced sample) 
 (1) (2) (3) (4) (5) (6) (7) (8) (9) 

VARIABLES % 

business 

income  

% 

business 

income: 

Yungas 

% business 

income: 

Chuquisaca 

% 

agricultural 

income  

% 

agricultural 

income: 

Yungas 

% 

agricultural 

income: 

Chuquisaca 

% other 

income  

% other 

income: 

Yungas 

% other 

income: 

Chuquisaca 

          

Take up 7.948* 10.465 -9.997** 6.268 2.507 10.167* -14.215** -12.972 -0.170 

 (4.387) (6.783) (4.989) (5.277) (8.194) (5.963) (6.511) (9.693) (6.821) 

Access 11.896 7.347 22.077 -1.629 -18.514 6.883 -10.267 11.167 -28.960*** 

 (13.366) (10.976) (14.473) (11.557) (13.848) (10.073) (19.801) (11.561) (10.771) 

Take up*Access 4.833 -5.697 20.046*** -13.550** -5.262 -18.142*** 8.716 10.960 -1.903 

 (4.520) (6.479) (5.061) (5.346) (9.105) (5.686) (6.122) (9.976) (6.503) 

Constant 10.266 5.666 39.136*** 33.272*** 35.113** 1.259 56.462*** 59.221*** 59.605*** 

 (7.680) (11.072) (10.485) (10.238) (15.252) (11.372) (11.820) (16.411) (13.230) 

          

Observations 1,994 990 1,004 1,994 990 1,004 1,994 990 1,004 

Effect size 0.150 -0.178 0.620 -0.364 -0.134 -0.529 0.222 0.278 -0.050 

Notes: Outcome variables are regressed on a take up dummy, access dummy, an interaction of the two. The sample includes 

all households from the current area where the MFI under study is active, and the expansion areas, for either both regions or 

each region separately. Observations more than three standard deviations from the mean has been removed. % business income 

is calculated as the % of total income that originates from the business activities of the household. % agricultural income is 

calculated as the % of total income that originates from the agricultural activities of the household. % other income is calculated 

as the % of total income that originates from other income activities of the household. The three income components all add 

up to 1. All variables have been winsor transformed to avoid extreme outliers. Effect size represents that standardized 

coefficient of ‘Take up*Access’. It gives a measure of the relative strength of the coefficient. Bootstrapped standard errors 

with 1,000 replications in parentheses. *** p<0.01, ** p<0.05, * p<0.1 
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Stata programs written for the analysis 

This appendix contains the Stata programs written for this chapter. 

 

Program for household analysis: 
* To run, type: 

* COLEMAN treatment access outcome c1 c2 

* x: Your binary treatment indicator 

* y: Your outcome variable you wish to estimate  

* z: Your binary access variable  

* (access=1 for areas who have access to treatment, 0 otherwise) 

* c1: The set of control variables in your step 1 regression 

* c2: The set of control variables in your step 2 regression  

* cutoff: Cutoff probability for determining takeup 

 

*How to run the code: 

*The code can either run just by typing COLEMAN_new follwed by the required  

*inputs, or combined with Stata's bootstrap command: 

*bootstrap _b, reps(10): COLEMAN_new x y z c1 c2 cutoff 

*You can make use of any of the regular bootstrap options as well.  

 

capture program drop COLEMAN_new 

program COLEMAN_new, eclass 

  

 *Housekeeping 

 version 12.0 // 14.1 

 args x y z c1 c2 cutoff 

 tempvar t   

  

 // Stage 1: logit 

 logit `x' $`c1' if `z'==1 

  

 // get the result 

 tempname b1 

 mat `b1' = e(b) 

  

 // get the rownames 

 local names : colnames `b1' 

  

 // add first to them 

 foreach name of local names{ 

  local newnames "`newnames' first:`name'" 

 } 

  

 // replace the colnames  

 mat colnames `b1' = `varname' 

  

 // Stage 2: Construct vars for main model 

 predict `t' 

 gen takeup=. 

 label variable takeup "Take up" 

 replace takeup = 0 if `t'<`cutoff' 

 replace takeup = 1 if `t'>=`cutoff' & `t'!=.  

 gen takeup_access = takeup*`z' 

 label variable takeup_access "Takeup*Access" 

 

  

 //Stage 3: run main model 

 reg `y' takeup `z' takeup_access $`c2' 

  

 // get the result 

 tempname b2  

 mat `b2' = e(b) 

  

 // get the rownames 

 local names : colnames `b2' 
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 // add second to them 

 foreach name of local names{ 

  local newnames2  "`newnames2' second:`name'" 

 } 

   

 // replace the colnames 

 mat colnames `b2' = `newnames2' 

  

 mat `b1' =  `b1', `b2' 

  

 ereturn local cmd "bootstrap" 

 ereturn post `b1' 

  

 //Stage 4: drop all generated non-temporary variables 

 drop takeup takeup_access 

 

end 

 

Program for household analysis (standardized coefficients): 
* To run, type: 

* COLEMAN treatment access outcome c1 c2 

* x: Your binary treatment indicator 

* y: Your outcome variable you wish to estimate  

* z: Your binary access variable  

* (access=1 for areas who have access to treatment, 0 otherwise) 

* c1: The set of control variables in your step 1 regression 

* c2: The set of control variables in your step 2 regression  

* cutoff: Cutoff probability for determining takeup 

 

*How to run the code: 

*The code can either run just by typing COLEMAN_new follwed by the required  

*inputs, or combined with Stata's bootstrap command: 

*bootstrap _b, reps(10): COLEMAN_new x y z c1 c2 cutoff 

*You can make use of any of the regular bootstrap options as well.  

 

capture program drop COLEMAN_z 

program COLEMAN_z, eclass 

  

 *Housekeeping 

 version 12.0 // 14.1 

 args x y z c1 c2 cutoff 

 tempvar t w_y  

  

 // Stage 0: calculate standardized outcome variable 

 egen float `w_y' = std(`y'), mean(0) std(1) 

  

 // Stage 1: logit 

 logit `x' $`c1' if `z'==1 

  

 // get the result 

 tempname b1 

 mat `b1' = e(b) 

  

 // get the rownames 

 local names : colnames `b1' 

  

 // add first to them 

 foreach name of local names{ 

  local newnames "`newnames' first:`name'" 

 } 

  

 // replace the colnames  

 mat colnames `b1' = `varname' 

  

 // Stage 2: Construct vars for main model 

 predict `t' 

 gen takeup=. 
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 label variable takeup "Take up" 

 replace takeup = 0 if `t'<`cutoff' 

 replace takeup = 1 if `t'>=`cutoff' & `t'!=.  

 gen takeup_access = takeup*`z' 

 label variable takeup_access "Takeup*Access" 

  

 //Stage 3: run main model 

 reg `w_y' takeup `z' takeup_access $`c2' 

  

 // get the result 

 tempname b2  

 mat `b2' = e(b) 

  

 // get the rownames 

 local names : colnames `b2' 

  

 // add second to them 

 foreach name of local names{ 

  local newnames2  "`newnames2' second:`name'" 

 } 

   

 // replace the colnames 

 mat colnames `b2' = `newnames2' 

  

 mat `b1' =  `b1', `b2' 

  

 ereturn local cmd "bootstrap" 

 ereturn post `b1' 

  

 //Stage 4: drop all generated non-temporary variables 

 drop takeup takeup_access 

end 
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CHAPTER 4 

Measuring the Impact of an Ongoing Microcredit Project: 

Evidence from a Study in Ghana 

 

Abstract 

This chapter uses a mixed method approach to assess the impact of a microfinance organisation 

in Ghana. By combining propensity score matching with a double-difference method, the 

authors determine that microcredit has a positive effect on expenditures but does not positively 

affect a series of other outcome variables. A list experiment further suggests that microcredit 

loan proceeds often are not spent productively. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Note: This chapter is based on the paper of Eriksen, S. and Lensink, R., 2015. “Measuring the 

Impact of an Ongoing Microcredit Project: Evidence from a Study in Ghana”. Journal of 

Development Effectiveness, 7(4), 1-11. 
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4.1 Introduction 

A recent burst of randomised controlled trials (RCT) has sought to investigate the impacts of 

microcredit (for example, Angelucci, Karlan, and Zinman 2014; Attanasio et al. 2014; 

Augsburg et al. 2014; Banerjee et al. 2014; Crépon et al. 2014; Tarozzi, Desai, and Johnson 

2014). These studies provide empirical evidence of a small, positive effect of microcredit on 

people’s lives. Yet much remains to be learned, and the results of these RCTs are tentative, 

because in practice, the ideal conditions required for RCTs virtually never hold (Deaton 2010), 

such that outcomes differ both between and within countries. 

 

The scope for RCTs also is limited, because most microcredit programmes cannot support 

random assignments. Moreover, policymakers often want to evaluate ongoing projects. In these 

cases, a retrospective evaluation that assesses the programme’s impact after it has been 

implemented, using observational data, can be done. However, questions persist about the 

reliability of impact studies using observational data. A recent special issue of the European 

Journal of Development Research summarises this debate about whether non-experimental 

designs can and should be used to answer attribution questions. The central question is 

determining the extent to which observational studies can adequately address self-selection and 

programme placement biases that lead to inaccurate impact estimates. Lensink (2014) argues 

that rigorous, non-experimental evaluations of ongoing projects are difficult. He calls for 

selectivity, suggesting that expensive impact analyses of ongoing projects should be conducted 

only in certain conditions, such as when it is possible to obtain pre-intervention data. White 

(2014) instead argues for more observational studies, in the belief that non-experimental 

studies, if designed appropriately, can effectively control for selection biases.39 

 

We respond to White (2014) by considering the results of a retrospective, non-experimental 

impact evaluation of a microcredit programme in Ghana. Specifically, we analyse the impact 

of the microcredit provided by a leading microfinance institution in Ghana, Opportunity 

International. This institution provides different financial services to men and women, but its 

main product is productive credit offered in the form of group and individual loans to women. 

Although RCTs offer the greatest rigour for studying attribution questions, the approach we 

                                                   
39 White’s argument is made more valid when observational studies are undertaken in the context of a causal 
chain analysis which analyses successive outcomes along that chain. 
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apply in this evaluation constitutes an appropriate alternative evaluation tool for policymakers, 

if random assignment is not feasible. Therefore, in addition to providing new results about the 

impact of microcredit in Ghana, which are relevant in their own right, this study suggests a non-

experimental identification strategy when random assignment is not feasible. An important 

aspect of the underlying theory of change is that the loans are mainly used as a productive 

investment and not on consumption items. To test this aspect of the theory of change, we 

examine loan use with list randomisation, which we compare against loan use derived from 

direct surveys. In line with Karlan and Zinman (2012), we find that a sizeable portion of the 

borrowers use their loan for consumption purposes rather than as a productive investment, 

making the microcredit market appear like a consumer loan market. 

 

In the next section, we describe our approach, which includes the theory of change, an 

explanation of our methodology and a summary of the data sampling process. Section 4.3 

contains the analysis description and the main results. Finally, we conclude with a discussion 

in Section 4.4. 

 

4.2 Approach 

4.2.1 Theory of change 

With this chapter, we primarily aim to examine whether microcredit ultimately contributes to 

people’s welfare. An elementary approach to model how microcredit can achieve an increase 

in people’s lives is through the use of a results chain, which for our study looks like the version 

in Figure 1. 

 

The main channel through which microcredit can increase incomes or expenditures is through 

productive investments, because microloans are designed to finance and support businesses. 

The increase in assets and income that results from expanded businesses can be used to finance 

improvements in various welfare indicators, such as housing quality or children’s education. 

Microcredit also constitutes a promising way to empower women, in that the majority of 

microfinance services are provided to women. Through their thus supported income-generating 

activities, women gain the financial means to establish their independence.40 

                                                   
40 In a recent review article by Vaessen et al. (2014), they conclude that is it very unlikely that microcredit has an 
overall impact on women empowerment, as they find a lack of evidence for microcredit having an impact on 
women’s control over household resources. Thus, although microcredit is believed to have a promising effect on 
women empowerment, impacts should be taken with caution. 
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Figure 1: Results Chain 

 

Microcredit also can improve welfare through many other channels, and the impact of 

microcredit on one outcome indicator might depend on the effects of another indicator. For 

example, the likelihood that microcredit will improve children’s education is probably higher 

when women are more empowered. Ideally, we would seek to examine the various possible 

channels through which microcredit can improve welfare to provide a compre-hensive test of 

an elaborate theory of change. However, our data set cannot support such an analysis, because 

relevant details are missing. Instead, we focus on the main channel, business investment 

channel, without addressing the other channels through which micro-credit exerts an impact. 

 

A major risk in this setting is that borrowers might not use microcredit productively but instead 

rely on it for consumption purposes. In this case, expenditures still may increase, through a 

demand effect, but it is unlikely that assets will increase, so long-term improvements might not 

emerge from microcredit. In the subsequent analysis, we test this main channel explicitly, 

according to our theory of change. 
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4.2.2 Outcome variables and index construction 

In this study we define a set of outcomes that includes expenditures, animals, nonpro-ductive 

assets, education, housing condition and more (see Table A1 for more). This list may seem long 

but represents only a small part of all outcomes. Nevertheless, the total number of outcomes 

reaches 32. Thus, we implement summary index test which pool multiple outcomes into a single 

test to avoid over-testing. This reduces the total number of outcome indicators to six. To 

measure the impact of microcredit on education, we assessed two indicators: the education level 

attained by the oldest son in the household (SEDUC) and the education level attained by the 

oldest daughter in the household (DEDUC). For income, we used the sum of a list of inflation-

adjusted household expenditures (EXPEND). We also constructed an asset index (ASSET), 

based on 20 household assets; an index measuring the quality of housing (HOUSING), which 

reflects the roof type, the number of rooms and whether or not the household has toilet facilities 

and electricity connections; and a female empowerment index (EMPOW), constructed of a list 

of questions that describe women’s participation in household decision-making processes. 

 

The index construction follows Anderson’s (2008) suggested four-step procedure: (1) code all 

variables such that a positive change is associated with ‘better’; (2) standardise each outcome 

by subtracting the mean from the baseline comparison group, then dividing by the standard 

deviation of the baseline comparison group; (3) assign each outcome variable to the relevant 

index; and (4) construct the summary index variable by taking a weighted average of each of 

the outcome variables in the index. The weights are equivalent to the inverse of the covariance 

matrix of the standardised outcomes for each group. When interpreting the outcome of a 

summary index test as the one constructed earlier, it is interpreted as summary effect size, as a 

summary index basically is a weighted mean of several standardised outcomes. Further details 

about the construction of the outcome indicators are available on request. 

 

4.2.3 Methodology 

To estimate the causal impact of microcredit, we combined propensity score matching (PSM) 

with a double-difference methodology. Using baseline information about the treated and 

comparison households, we estimated a model of programme participation, based on 

observational demographic and location characteristics and baseline information about the main 

outcome indicators. With propensity scores, we defined a region of common support, and then 
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ignored any households outside this region in the further analyses. Therefore, we ensured that 

the treated and comparison groups were comparable in their observed characteristics. To 

determine the impact of microcredit, we next applied a double-difference model to all 

households in the common space. This procedure ensured that we controlled for selection due 

to time-invariant observable traits. We considered estimates both with and without covariates. 

The model with covariates can be specified as follows: 

Y = a T+ b*TIME+ c*T*TIME+d*Controls+e, 

where Y is a vector of outcome variables, T is an indicator variable equal to 1 if a household is 

in the treatment group and 0 otherwise; TIME is a dummy equal to 1 for the endline and 0 for 

the baseline; and Controls is a vector of the control variables equivalent to those used to estimate 

the propensity score. The coefficient c is our parameter of interest; it measures the impact of 

microcredit. We estimated a balanced panel, so our double-difference specification without 

controls is similar to a regression model with household- and time-fixed effects. We applied 

ordinary least squares (OLS) to all models; for the binary outcome variables, we used a linear 

probability model. We clustered standard errors at the branch level, because households in the 

same branch are likely correlated. 

 

4.2.4 Data and sampling issues 

Using lists of borrowers, kindly provided to us by Opportunity International, we randomly 

sampled a group of borrowers that took out their first loan in 2011 but had not yet taken a 

second loan.41 The borrowers came from 10 branches of Opportunity International, spread over 

two regions (Ashanti and Brong-Ahafo). Most of them were from rural areas, but a few 

represented urban areas as well. The comparison group contained people who lived near the 

Opportunity International branches but had never borrowed.42 We obtained a sample of 485 

treatment and 511 control entries. 

 

                                                   
41 A potential limitation of the study is that besides from asking the participants to recall their status from 3 years 

ago right before they received their first loan, we did not anchor the participants to the appropriate time period. 
 
42 It should be noted that this selection criteria may have implications for the impact quantity estimated (especially 

if spillover effects are presents). Optimally, the comparison group should have been selected from areas not linked 

to microcredit branches. 
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With the help of M-CRIL, we organised a survey during February–March 2014. Without 

baseline data about borrowers, we decided to construct pre-intervention data by using recall, 

which would enable a double-difference methodology. Specifically, during the one-to-one 

interviews, we asked for information about the participants’ current situation, and we also tried 

to obtain relevant information referring to 2010, just before they received their first loan. 

 

Prior literature features an ongoing discussion about the usefulness and reliability of recall data. 

On the one hand, using recall data substantially reduces survey costs, because it is not necessary 

to interview a panel of households several times, which also should reduce attrition problems. 

Moreover, it supports the construction of a baseline for ongoing projects. On the other hand, 

recall is less precise and probably less reliable. As rightly indicated by White (2014) though, it 

is going too far to argue that recall is by definition untrustworthy; all questionnaires use recall, 

and recall is certainly reliable for variables that are easy to remember, such as births, education 

enrolments and so forth. Nor is there any a priori reason that recall must lead to a systematic 

bias between treated and control households. In an interesting article, Nicola and Gine (2014) 

show, with a sample of small-scale boat owners in India, that the absolute value of recall error 

increases with the recall period, which implies that errors are not white noise. But their findings 

also indicate that recall converges to a mean, not to the most recent observations. Thus, recall 

may be appropriate if researchers are interested in the mean of earnings, but not if they are 

interested in its volatility. Although it is difficult to say precisely what this recommendation 

implies for our study, it seems to suggest that our approach may tend to underestimate the 

impact of microcredit, because the recall values reported by the treatment group may reflect the 

mean value of the period before the interview, such that they partly include the period after the 

first loan. However, there are reasons to believe that people who belong to the treatment group 

and thus self-select into microcredit will recall information related to the outcome indicators 

better than people from the comparison group. Nicola and Gine (2014) show that it is reasonable 

to believe that people with a higher monthly income recall earnings better than people with 

lower monthly income. Furthermore, they find that people tend to overstate their earnings. Their 

findings are consistent with previous findings by Mullainathan (2002) and Delavande, Giné, 

and McKenzie (2011), who find that entrepreneurs tend to be optimistic and systematically 

forecast higher average earnings. Thus, if people in general tend to overstate, but the treatment 

group recalls better, our impact results may be too positive. 

 



525243-L-bw-Eriksen525243-L-bw-Eriksen525243-L-bw-Eriksen525243-L-bw-Eriksen
Processed on: 19-10-2018Processed on: 19-10-2018Processed on: 19-10-2018Processed on: 19-10-2018 PDF page: 130PDF page: 130PDF page: 130PDF page: 130

MEASURING THE IMPACT OF AN ONGOING MICROCREDIT PROJECT 

 

 

124 

 

 

 

4.3 Analysis 

4.3.1 Propensity score matching and balancing tests 

The analysis starts with the first step of the PSM technique, using baseline data. The aim is to 

determine a common space and exclude all households outside this common space from 

subsequent analyses. We calculated propensity scores by using the baseline values of the main 

outcome variables, as well as several household characteristics and location characteristics. The 

set of covariates thus was marital status, family type, age, family size (household members), 

ASSET, HOUSING, EMPOW, EXPEND and location dummies. The 68 observations that 

appeared outside the common support were dropped from the sample (both baseline and 

endline). Then, with the sample contained within the common space, we conducted balancing 

tests of our main variables at the baseline and obtained the results in Table 1. 

 

Although we ignored values outside the common space, 7 out of 16 variables are unbalanced at 

the baseline. Therefore, differences remain between the control and treatment groups. For this 

reason we take these unbalanced variables into account as controls in our difference in 

difference estimation. Fortunately and probably more important, all of the outcome variables, 

but female empowerment, we consider are balanced at the baseline. Yet, it remains vital to 

control further for observed and unobserved differences between treatment and comparison 

groups, to ensure that our impact estimates are unbiased. 
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Table 1. Summary statistics and balancing tests. 

  Summary Statistics  

 Control Treatment 
Balancing Test 

Dependent variable N Mean N Mean 

Treatment – Control (with 

PSM) 

Son age 439 5.10 433 6.82 
1.720** 

     
(0.620) 

Daughter age 432 5.66 424 7.59 
1.930** 

     
(0.606) 

Marital status     
 

Single     471       0.27 451 0.09 
-0.175*** 

     
(0.031) 

Married 471 0.61 451 0.77 
0.164*** 

     
(0.050) 

Separated 471 0.01 451 0.01 
0.007 

     
(0.010) 

Divorced 471 0.06 451 0.06 
0.007 

     
(0.013) 

Widowed 471 0.06 451 0.06 
-0.004 

     
(0.022) 

Family type (1=joint) 472 0.90 452 0.87 
-0.029 

     
(0.028) 

Age 472 32.92 452 37.89 
4.972*** 

     
(0.882) 

Household members 472 3.70 452 4.32 
0.621*** 

         
(0.151) 

SEDUC 328 0.13 268      0.168 0.043 

     (0.056) 

DEDUC 329 0.09 259      0.077 -0.008 

     (0.057) 

ASSET 472 0.00 452    -0.055 -0.036 

     (0.072) 

HOUSING 472 0.00 452     0.026 0.040 

     (0.063) 

EMPOW 472 0.00 452     0.377 0.416*** 

     (0.056) 

EXPEND 472 121.16 452 128.22 7.054 

     (6.688) 

Notes: The right-most column displays the coefficient from separate ordinary least square regressions of the 

dependent variable on the treatment dummy. Standard errors are clustered at the branch level. The dependent 

variables are: son age, age of the oldest son in the household; daughter age, age of the oldest daughter in the 

household; marital status, group of variables indicating the marital status of the respondent; family type, binary 

variable equal to 1 if the family is a joint family and 0 if the family is nuclear (living with only spouse and children); 

age, age of the respondent; household members, number of household members; SEDUC, education level attained 

by the oldest son in the household; DEDUC, education level attained by the oldest daughter in the household; 

ASSET, index constructed on 20 household assets; HOUSING, index constructed on house char-acteristics; 

EMPOW, index constructed on household decision questions; and EXPEND, total monthly inflation-adjusted 

household expenses. ***Significant at 1 per cent level. **Significant at 5 per cent level. 
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4.3.2 Double-difference estimates 

We next conducted double-difference estimates including the controls, such that we corrected 

for the remaining observed differences between the treatment and control households. The 

double-difference methodology also ensures that the results are not confounded by unobserved 

heterogeneity that does not change over time; our sample is balanced, such that we take the 

fixed effects at the treatment level into account. The estimation results are shown in Table 2. 

 

Table 2: Regression results 
 (1) (2) (3) (4) (5) (6) 

Variables SEDUC DEDUC ASSET HOUSING EMPOW EXPEND 

       

Treatment 0.028 -0.072 0.028 0.056 0.386*** -8.134 

 (0.564) (0.316) (0.729) (0.351) (0.000) (0.269) 

Year 0.005 0.033 0.059* 0.043* 0.092*** 63.796*** 

 (0.808) (0.334) (0.085) (0.077) (0.008) (0.000) 

Year*Treatment -0.003 0.002 -0.067* -0.017 -0.017 27.105*** 

 (0.932) (0.909) (0.060) (0.585) (0.297) (0.000) 

Constant -0.373 -0.279* 0.255 0.092 -0.425** 31.645** 

 (0.119) (0.100) (0.125) (0.548) (0.029) (0.025) 

       

Observations 983 945 1,844 1,844 1,844 1,844 

R-squared 0.627 0.317 0.026 0.003 0.080 0.205 

Notes: Regressions refer to double-difference regressions. Standard errors are clustered at the branch level. All 

equations are estimated with the following controls: marital status, family type, age of the respondent and number 

of household members. For SEDUC (DEDUC), a control variable for the age of the oldest son (daughter) enters 

the specification. Robust p-values are reported in parentheses. ***Significant at 1 per cent level. **Significant at 

5 per cent level. *Significant at 10 per cent level. 

 

The treatment effect appears as the coefficient for the interaction term, year × treatment. The 

results are mixed: it seems encouraging that microcredit has a positive effect on monthly 

expenditures, which is our proxy for income. A household belong-ing to the treatment group 

experienced a monthly increase in expenditures of 27.105 Cedi (around 6 US dollars), which is 

a 28% higher increase compared with a house-hold from the comparison group. In light of the 

relatively short period between the acceptance of the loan and the survey (less than 3 years), it 

may not come as a surprise that we cannot explain any variation in some of the variables of 

ultimate interest, such as children’s education level, housing or female empowerment.43 More 

disappointing is that we find a summary effect size decrease on assets of 0.067, thus indicating 

that households in the treatment group experience a 6.7 per cent point decline in asset holdings 

compared with a household from the comparison group. Although being a relatively small 

                                                   
43 Recall that our balancing tests showed that EMPOW was not balanced at baseline. The double-difference 

approach partially controls for this potential bias as can be seen by the positive coefficient on the treatment 

variable, which picks up the difference at baseline (in Table 2). 
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decrease, it may imply that in the long run, the positive effects of microcredit on expenditures 

fade away, and the potential positive effects on welfare will not materialise over time. 

 

4.3.3 Explaining the results 

How can these results be explained? According to our theory of change, microcredit mainly 

affects long-run welfare through productive investments. However, if loan proceeds are used 

for consumption purposes, the immediate positive demand effect will still increase expenditures 

in the short run, but it cannot improve business growth and thus probably not enhance welfare 

in the long run. Therefore, it seems relevant to investigate how microfinance clients spend their 

loan proceeds. We addressed this question in two ways. First, we directly asked each 

microfinance member to indicate the main expenses financed with the microloan, by providing 

a list of spending possibilities that included productive investment, education, housing 

investments and household items (for example food, a television, a radio). If the majority of 

loans were used to purchase the latter items, microcredit is being spent on consumption, not for 

business. The results of the direct surveys strongly indicated that the majority of respondents 

used the loan productively; only 0.1 per cent of microfinance clients reported that household 

items were the main expenses financed by their loan. 

 

Second, because of the risk that microfinance borrowers might not be truthful, we used an 

indirect method as well. Most microfinance lenders, including Opportunity International, 

require loan proceeds to be spent productively, and it is socially more desirable to claim that all 

loans are used productively. Therefore, in line with Karlan and Zinman (2012), we used so-

called list randomisation to elicit loan spending information indirectly. List randomisation 

allows the microfinance member to conceal his or her answer, yet the researcher can determine 

whether loan proceeds have been spent on consumption items. In the list randomisation task, 

the group of microfinance clients is randomly divided into two groups, A and B. Group A reads 

a set of statements that do not include any sensitive issues; Group B sees the same set of 

statements but also reads a statement related to the sensitive issue, such as spending on 

household items in our case. Both groups must report how many statements, but not which ones, 

are true. We can estimate the proportion of the sample that engages in the sensitive behaviour 

according to the difference in the mean number of true statements indicated by the two groups. 

The list of randomisation item for this study contained the following question: 
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Please tell me with how many of the following statements you agree. I don’t want to know 

which ones, just how many. 

 

(1) I used part of my loan to finance productive investment in farming. 

 

(2) I have more than three siblings. 

 

(3) I have a TV in my home. 

 

(4) The government should subsidise food prices. 

 

All respondents saw this question; Group B also read the following sensitive item: ‘The main 

expense financed by my loan refers to household items, such as food, a TV, a radio, etc.’. 

 

The result of this list experiment revealed a striking contrast with the outcomes from the direct 

questioning: 41 per cent of the respondents indirectly revealed that they spend the major part 

of their loan on household items. Thus, direct questioning overestimates productive loan use 

enormously.44 

 

4.4 Discussion 

Until recently, many studies consistently confirmed the positive impacts of microcredit; recent 

work instead suggests that these studies were far too positive about micro-credit, because they 

failed to address problems related to self-selection. The impacts of microcredit continue to be 

widely discussed, and substantial uncertainty persists about its medium- and long-run effects. 

What seems clear though is the inverse relationship that consistently emerges between the 

‘rigour’ of a study and its ‘impact’: the more a study controls for self-selection, the lower the 

impact of microcredit seems to be. Does this finding imply that only impact studies using 

experimental approaches such as RCT are valid, whereas those based on observable information 

are useless? In our view, such a dismissal is too negative and unrealistic; many interventions 

cannot be randomised simply because they already have taken place. We argue that one should 

attempt to use non-experimental identification strategies when an RCT is not feasible. However, 

measuring the impact of an ongoing project, especially if pre-intervention data are not available, 

has serious caveats that demand careful consideration. 

                                                   
44 A test for difference in proportions between the two groups showed a significant difference at the 1 per cent 

level (p = 0.0011). 
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We sought to measure the impact of an ongoing microcredit project in Ghana, for which no 

baseline data were available. To address the attribution question as far as possible, we have 

suggested and applied a method that combines PSM with a double-difference methodology and 

then constructed pre-intervention data using recall. By calculating propensity scores and 

constructing a common space, we can identify microfinance clients and comparison households 

that exhibit substantial differences and thereby exclude them from our analysis. Yet balancing 

tests showed persistent differences between controls and treatments, even after ignoring 

households outside the common space. This signalled the need of further controlling for 

selection biases, and hence the importance of using a double-difference methodology (including 

control variables) which enables to further control for selection biases due to observables, as 

well as unobservables that are not changing over time. The crucial importance of baseline data, 

which is needed to conduct the double-difference method, indicates a clear benefit of recall. 

Yet, if the treatment group is more precise in recalling than the comparison group, the recall 

method may bias the results. Additional research is needed to determine whether the potential 

biases due to recall outweigh the clear benefits.45 

 

Our findings are largely similar to recent experimental research pertaining to microcredit. 

Various recent studies have also shown that the impacts of microcredit are minor, and often 

much smaller than expected, at least in the short run. We find a positive impact on expenditures, 

but we do not uncover any impacts of microcredit on education, housing quality or female 

empowerment, and even a slightly negative impact on assets. This result at the least provides 

some confidence in the rigour of our methodology. 

 

We sought to explain our main outcomes by investigating how loan funds are used. The striking 

result of this assessment was that almost 50 per cent of microfinance members revealed, 

indirectly, that household items were the main expense they financed with their microcredit 

loans. This outcome clearly indicates the challenge associated with obtaining information about 

sensitive question items through direct surveys; when we asked the microfinance members 

directly about their spending, only 0.1 per cent admitted that they had spent their loans mainly 

                                                   
45 Additional analysis was undertaken to ensure that age and marital status did not affect the outcome equations. 

As long as age is highly correlated with the other factors that could “interact with the productive activities”. Adding 

age directly controls for these potential biases. 
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on household items. The extent to which this outcome might also invalidate the answers to other 

questions, and information obtained from self-reported data obtained by questionnaires in 

general, is unclear. We posit that the potential bias would be smaller, because most of the other 

issues addressed are not particularly sensitive. Yet, more research about potential biases related 

to direct questioning seems important. 
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Appendix 

Table A1: Summary Index Components 
Summary Index Summary Index Components 

ASSET Bicycle, Car, Motorcycle, Bus, Tractor, Sewing 

machine, Gas, DVD/CD player, Music system, 

Microwave, Refrigerator, Washing machine, 

Television, Water purifier, Mobile phone 

Furniture, Number of Cattle, Number of Goats, 

Number of Pigs, Number of Poultry 

HOUSING Electricity connection, Toilet facility, Number of 

rooms, Roof type 

EMPOW 5 questions on household decisions: Day to day 

expenses, Business expenses, Loan taking 

Loan spending, Children’s education 
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CHAPTER 5 

Social Desirability, Opportunism, and Actual Support for 

Farmers’ Market Organizations in Ethiopia 

 

 

 

Abstract 

One of the striking issues in the literature on Farmers’ Market Organizations (FMOs) is that 

farmers generally report quite positive opinions regarding the services of their FMO, while, at 

the same time, actual sales reveal a much more reserved attitude. We argue that farmers may 

feel social and/or opportunistic pressure to express positive opinions concerning the FMO, to 

donors and policymakers, which are not necessarily in line with their actions. This chapter 

proposes a list experiment method to control for this bias. The method shows that especially 

farmers who express strong support for the FMO seriously hesitate to speak freely. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Note: This chapter is based on the paper of Eriksen, S., Lutz, C. and Tadesse, G., 2017. “Social 

Desirability, Opportunism and Actual Support for Farmers’ Market Organisations in Ethiopia”. 

Journal of Development Studies, 54(2), 343-358. 
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5.1 Introduction 

A relatively large body of literature addresses the performance of co-operatives in Ethiopia. For 

example, Abebew and Haile (2013) show that these organizations have a positive impact on farmers 

input use and the adoption of agricultural technologies, while Bernard et al. (2008b) conclude that co-

operatives obtain higher prices for their members. However, to date the overall performance of these 

organizations in Ethiopia and many other developing countries are quite disappointing (Fisher and 

Qaim, 2012; Bernard et al., 2010; Poulton et al., 2010; Markelova et al., 2009). Many of these 

Farmers’ Market Organizations (FMOs46) seem to survive but the desired entrepreneurial growth in 

activities is missing (Bernard et al., 2008b; Naldi and Davidsson, 2014). In their review of the 

performance of agricultural co-operatives in Ethiopia Tefera et al. (2016) conclude that the impact of 

commercialization on farmers’ welfare is inconclusive, and that both the institutional environment 

and the internal governance structure find it difficult to adjust to changing economic conditions. 

Although the perception of farmers regarding the performance of their FMO seems to be quite 

positive, only 44% of the members in our survey actually sell to the co-operative. However, even 

farmers who do sell to the co-operative supply only a limited share of their marketable surplus and 

are largely involved in side-selling to the private market (Wollni and Fischer, 2014; and 

Mujawamariya et al., 2013). Many explain their actions by disclosing that the co-operative did not 

buy when the farmer needed the money (self-reported argument). This, however, does not provide a 

full explanation, as dedicated members of the FMO can be expected to do everything to sell through 

the FMO. Similarly, agile FMOs are expected to be able to arrange financial constraints and to 

develop contracts with buyers in the wholesale market, in particular in Ethiopia where the economy 

is growing rapidly and urban food markets are developing fast (Collier and Dercon, 2014; Minten et 

al., 2014; Tadesse and Shively, 2013). We observe that there is hardly any development of these more 

entrepreneurial activities. FMOs mainly sell through their unions, a fixed business model focusing 

on the benefits rooted in economies of scale, while innovative business models and local initiatives 

barely take off.  

                                                   
46 In the literature, the M in the abbreviation FMO may mean Market or Marketing. We prefer to use Market in this context as FMOs 

are not only involved in marketing their surplus but also in getting access to inputs, including credit, and extension services. 

Moreover, the integration of all kinds of activities regarding the selling and processing of output goes beyond the marketing 

perspective.  In line with Bernard et al. (2008a) we distinguish community oriented co-operatives from market oriented co-operatives. 

The FMOs under study are considered to be market oriented co-operatives. Due to the external support from NGOs these FMOs were 

able to distinguish themselves from the traditional multipurpose co-operatives that the Ethiopian government generally supports. 
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These findings raise the question whether the farmers appreciate the role and performance of the 

FMO. In this chapter, we scrutinize the reported perception of farmers regarding the services of their 

FMO. When asked directly about the usefulness of the FMO, the majority of the farmers responds 

positively; many seem to endorse the idea of an FMO. This may, however, be a socially desirable 

response that is not necessarily in line with their actions or selling behaviour. In fact, most farmers 

do not sell to the FMO. It may also be that their positive response reflects opportunistic behaviour, 

as the farmers certainly have no interest in disapproving donor investments in an organization from 

which they may at some point benefit. 

We argue that opinions derived from direct questions give a biased upper bound of support for FMO 

activities, while revealed actions provide a biased lower bound of support. The lower bound is biased 

as farmers do not always have a marketable surplus and FMOs are not always able to serve farmers 

at the right time: e.g. the FMO does not always buy/sell when the farmers have to sell/buy. Another 

disadvantage of measuring actual use is that the information cannot be used ex ante, i.e. it is only 

after having supplied the services that use of FMO services can be measured. Perceptions can be 

measured ex ante and direct FMOs towards the most needed types of activities. In such case the upper 

bound bias may confound observations due to the sensitivity of the questions regarding FMO 

performance. 

Reliable information about farmers’ perceptions is important as it may help donors and governments 

to focus their activities towards vital initiatives. However, if target groups are simply asked whether 

they “like it or not”, it is appealing for many farmers to simply confirm, leading to the false impression 

that they will actually use these services. We argue that this phenomenon partly explains the reality 

concerning FMO performance in Ethiopia. Our method shows that in particular strong believers 

(supporters) may not express their true feelings when asked directly about their perception of FMO 

performance. Opportunistic behaviour or social pressure to provide a supportive answer may result 

in biased responses that obscure reality.  

This chapter provides two major contributions. First, we tested the influence of social desirability and 

opportunism on farmers’ answers to direct questions regarding the importance of FMOs. We designed 

a list experiment to test their real feelings regarding the co-operative. Second, several groups were 

distinguished to see whether there were differences in the response bias: members vs non-members, 

and believers (supporters) vs non-believers.  
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5.2 The Method: Disentangling Social Desirability and Real Perceptions 

When asking questions about a sensitive issue, there are different survey methods to cope with the 

problem of bias in self-reported answers. New qualitative solutions have been proposed by Blattman 

et al. (2015) to study the direction and magnitude of the survey measurement error in the dependent 

variable when evaluating interventions implemented in Liberia to reduce violence and crime. 

Quantitative survey methods that include the randomized response technique (Warner, 1965) and the 

endorsement experiment (Bullock et al., 2011) have been widely used. A third method is the list 

experiment. In this chapter, we design a list experiment to indirectly ask respondents about their 

perception regarding the performance of the FMO in the village. We chose this method as it can be 

integrated relatively easily into a larger survey and fits the type of sensitive issue under study. More 

qualitative approaches are indeed needed when the issue is more delicate (e.g. involvement in 

criminal acts). 

The idea behind a list experiment, also called item count or unmatched count technique, is that a 

respondent will give a truthful response when a sensitive question is asked indirectly. The method 

presents respondents with a list of statements and asks them to count the total number of statements 

they support/reject. The respondents are randomly divided into a control group and a treatment group. 

The control group respondents receive a list of non-sensitive items. The treatment group respondents 

receive the same list of non-sensitive statements plus one sensitive item. The difference in the mean 

number of supported (rejected) statements between control and treatment group identifies the 

proportion of people in the population that (dis)agree with the sensitive item. The list experiment 

technique has been mainly used in political science to understand voters’ attitudes and racial attitudes 

(e.g. Kuklinski et al., 1997; Redlawsk et al., 2010). More recently, it is also applied in economics to 

study sensitive matters. In microfinance, for example, Karlan and Zinman (2012) use a list experiment 

to understand how people spend their loan proceeds, showing that direct elicitation underreports the 

non-enterprise uses of loan proceeds. Similarly, Chapter 4 finds that often loan proceeds are not spent 

productively. These studies consider a difference in means estimator to analyse the list experiment. 

This, however, does not allow for the identification of the relationship between preferences over the 

sensitive item and the respondents’ characteristics. Moreover, the effect of social pressure on the 

responses to direct sensitive questions may differ among groups.  

In the survey we designed our list experiment as follows. The enumerators provided some explanation 

of the procedure before the statements were provided: 



525243-L-bw-Eriksen525243-L-bw-Eriksen525243-L-bw-Eriksen525243-L-bw-Eriksen
Processed on: 19-10-2018Processed on: 19-10-2018Processed on: 19-10-2018Processed on: 19-10-2018 PDF page: 143PDF page: 143PDF page: 143PDF page: 143

IMPACT EVALUATIONS, BIAS, AND BIAS REDUCTION 

 

 

 

137 

 

 

“I want you to give me a secretive answer to the following statements. I give you 3(4) stones 

and ask you to hold them in your right hand while keeping both hands on your back. If you 

agree with the statement I will read to you, you will transfer one stone to your left hand behind 

your back (I will not see it, and you must not tell me either). If you don’t agree with the 

statement, do not transfer a stone. At the end, I would like to know the number of stones in 

your left hand, which is the number of statements you agree with. I will now read the 

statements.” 

 

Four statements were read to sub-sample A (the treatment group). 

1. Private traders in my kebele generally cheat 

2. Access to proper seeds for farmers is badly organized 

3. The road infrastructure in my kebele makes it difficult to transport my crop  

4. The FMO is a weak organization as important decisions are not made by its members 

 

Three statements were proposed to sub-sample B (the control group). 

1. Private traders in my kebele generally cheat 

2. Access to proper seeds for farmers is badly organized 

3. The road infrastructure in my kebele makes it difficult to transport my crop  

 

Control statements 1, 2, and 3 were chosen after consultation with local fieldworkers and tested in a 

pilot study. Although the control items concern serious issues regarding access to markets, the 

farmers’ assessment of these issues is not sensitive as they are beyond the control of local 

representatives. In the context under study social pressure may lead to a social desirability bias 

regarding statement 4, as the FMO is led by local representatives. It is expected that many respondents 

feel some social pressure to give these local FMO leaders the benefit of the doubt when direct 

questions about the importance of the FMO are asked.  

Local solidarity or social pressure may lead to a bias in reported perceptions as a result of social 

desirability to abide by the expected local norm. Moreover, it is very well possible that opportunism 

and self-interest further confound the result of direct sensitive questions. Farmers may be well aware 

of the fact that it is always better for them to have access to a local FMO if the perceived costs for 

the individual farmer are negligible. Even if this organization is not performing well at present, it 

may be an interesting outlet in the future. Opportunism and self-interest may make it more compelling 
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to give in to social pressure, which further fuels the bias in reported perceptions. The proposed list 

experiment is expected to control for these effects through its indirect design to collect data about the 

sensitive issue. 

This design relies on three important assumptions (Imai, 2011). The first assumption is the 

randomization of the treatment, meaning that the sample is randomly divided into control and 

treatment groups, and it implies that potential and truthful responses are jointly independent of the 

treatment variable. Random selection of the farmers for the control and treatment groups, as explained 

in the following sections, addresses this assumption. The second assumption, the no-design effect, 

implies that the addition of the sensitive item does not change the sum of affirmative answers to the 

control items. The third assumption is referred to as ‘no liars’ and implies that the respondents respond 

truthfully to the sensitive item. We expect that farmers are not aware of the mechanism behind the 

list experiment and, consequently, do not consciously manipulate their answers. If these assumptions 

are correct, the indirect interview format allows us to control for the sensitivity bias.  

5.3 Data Collection 

We collected the data as part of an impact study of a project supporting FMOs in the Oromia region 

(see Section 5.4) and conducted a survey among farmer households to measure the effects of the 

project. The list experiment was part of the end-line survey (October/December 2014). The 

questionnaire addressed characteristics of the household and the farming system, and consisted of 

eight blocks of questions: household composition, household assets, land and crop production, 

livestock, access to markets and marketing, the FMO and its services, non-farm income and 

household expenditures, food security. In this chapter, we focus on the results of the list experiment 

that was part of the questions concerning the FMO and its services. 

The FMOs were selected in two steps (Table 1): first the woreda (district) and then the FMO in a 

specific kebele (village). The woredas were chosen purposively to get a good representation of the 

districts in the Oromia region and, subsequently, within the woredas the FMOs were selected 

randomly. We sampled four FMOs from Arsi Negele and Shashemene because of the large number 

of FMOs in these woredas. We intended to interview 16 non-members and 32 members in the same 

kebele to avoid heterogeneous groups in terms of crops, productivity, access to markets, roads, etc. 

Non-members in these villages can be expected to have an opinion about FMOs as the organization 

is operational in their kebele. Note that an FMO is organized per kebele. In total we were able to 

interview 683 respondents for this study. The fact that the actual number of respondents per kebele 
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deviates somewhat from the targeted number is explained by three factors. First, in some villages and 

in particular in Shashemene, it was difficult to find non-members due to the fact that the required 

investment for membership was quite small (a onetime fee of 50-100 Birr, 4-8 USD) and social 

pressure to become a member was strong. Second, sampling of members and non-members was done 

on the basis of information provided by the FMO. During the interviews, it sometimes became clear 

that a member (non-member) considered himself or herself a non-member (member). The third reason 

is attrition in the end-line survey, as some farmers interviewed in 2012 deceased or moved to another 

village.  

Table 1: Full Sample List Experiment 
Woreda Kebele/FMO Full sample size Involved 

local NGO  

FMO members Non-FMO members  

Sinana Kituma  37  6  HUNDEE 

Bikilitu  36  7  HUNDEE 

Jeldu  Suqui Wageyo 31  8  HUNDEE 

Goda Racha 35  13  HUNDEE 

Seddan Sodo Siba Robe 34  9  FC 

Wuli Gotera 29  10  FC 

Dewo  Feyine 31  16  FC 

Rimmessa 27  12  FC 

Arsi-Negele  Abdi rabii  32  15  ADAA 

Hawi Gudina 34  14  ADAA 

Borata gaalo  25  21  ADAA 

Gadisa Dahmota 27  17  ADAA 

Shashemene  Dolu Karsa  40  0  CDI 

Jalela  46  0  CDI 

Meda-Gudina 31  3  CDI 

Awara Badessa 36  1  CDI 

Total  531  152   

 

5.4 FMOs in Ethiopia and the Oromia Region Under Study 

The government of Ethiopia supports the establishment of producer co-operatives as a means of 

strengthening and empowering smallholders’ market participation in the liberalized market 

environment (FDRE, 2005). In the adopted Agricultural Growth Program (AGP), the highest priority 

is given to the formation and strengthening of agricultural co-operatives.  

Tefera et al. (2016) provide an overview of the co-operative movement in Ethiopia and they 

distinguish five phases with different forms of policy support. In the ‘initiation’ period (1950-1974) 

a co-operative program was established to improve the rural economy. The authors conclude that its 

impact was limited in scope and experience. During the phase of the ‘planned economy’ (1974-1991) 

the outreach expanded, and co-operatives were characterized by collective ownership and state 

control. However, at the end of the period, most co-operatives collapsed together with the regime. 
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The next phase was called ‘institutional renewal’ (1991-2005): many co-operatives were dissolved, 

but from 1994 onwards the government established new policies to strengthen co-operatives. This 

transition period was followed by the phase of ‘rural innovation’ (2005-2010) where the policies 

supported co-operatives to provide inputs and services. The last phase is called ‘market integration 

and value chain development’ (2010-present), broadening the scope of the policies not only to input 

markets but also to output markets and value chains.  

The changes observed in Ethiopia are also reflected in a larger body of literature showing that 

farmers’ market organizations reappeared on the international development agenda (Bernard et al., 

2010; Bernard et al., 2008a; Fisher and Qaim, 2011; World Bank, 2007). At present policymakers 

consider these organizations as important instruments linking farmers to markets, increasing 

agricultural productivity, and ultimately reducing rural poverty (Markelova et al., 2009; Barham and 

Chitemi, 2009). The empirical study by Bernard et al. (2010) on co-operatives in Ethiopia concluded 

that co-operatives secure higher prices for their members’ output although this does not necessarily 

lead to an increase in the quantity of output commercialized by the members. They also conclude that 

the poorest of the poor tend to face considerable constraints on membership in market co-operatives. 

However, poorer non-member households still benefit from positive spillovers. Finally, it is observed 

that most co-operatives are seriously resource-constrained, and that management is weak. Most 

organizations ‘survive’ and it is quite rare to find a fast-growing co-operative developing a successful 

new business model. Francesconi and Heerink (2010) focus on FMOs in Ethiopia and indicate that 

their performance is somewhat more encouraging.  

In Ethiopia about 12% of the farmers are members of a market-oriented co-operative (Bernard et al., 

2010). The FMOs try to increase the number of members as this is expected to augment their turnover 

and the possibility to realize profits and/or better prices for members. Inclusion is an important 

element of this strategy and it is strongly supported by policymakers, local NGOs, and their donors. 

As a result of the inclusive development strategy, farmers are asked to invest only a small amount of 

resources if they want to become a member in order to avoid the ex-ante effort becoming a selection 

mechanism. Consequently, these FMOs levy a small membership fee and do not oblige farmers to 

sell, or to participate in meetings or other co-operative activities. Membership has no consequences 

for the farming system (e.g. the choice of crops, the use of specific inputs). Moreover, the marketing 

services of the FMOs are open to non-members (e.g. the sale of crops, the purchase of inputs). Due 
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to the inclusive approach and the subsequent large number of members, management of the co-

operative can be quite a challenge. 

Since 2008 a consortium of six NGOs (Table 1) has implemented the project “Promotion of Farmers 

Market Organizations Competitiveness on Agricultural Commodity Value Chains”. The main 

activities concerned designing and providing tailor-made assistance for capacity building of FMOs, 

supporting the formation and strengthening of unions, linking farmers organizations with chain actors 

and chain supporters, introducing new high-value crops, supporting locally initiated rural service 

providers, and capacity building of pro-poor and gender sensitive agro-business. 

The FMOs are located in four zones of the Oromia region. The districts (woredas) represent three 

major farming systems: a wheat-barley based farming system represented by Sinana and Jeldu, a 

wheat-maize based farming system represented by Arsi Negele and Shashemene, and a teff-pulse 

based farming system represented by Seddan Sodo and Dewo. Food crops provide these farmers with 

their major source of income. The marketable surpluses are sold on domestic food markets to local 

traders in the villages, on regional markets, or to the co-operatives and their unions.  

The descriptive statistics (appendix) show that the large majority of the interviewed household heads 

are male. The average age of the household head was about 46 years. The average number of adults 

in the households was between 3 and 4, and the average total number of persons in a household was 

about 7. On average, the respondents received approximately 4 years of schooling; 30% of the 

respondents were illiterate. The main occupation for nearly all interviewees was farming, and these 

farmers owned about 3 hectares on average. The reported balancing tests showed that only minor 

differences between the respondents of the control and the treatment group of the list experiment 

were observed.  

5.5 The Use of Provided Services and Perceptions Regarding the FMO 

Table 2 provides information about the selling and buying behaviour of farmers. About 25% of all 

members buy fertilizers through the FMO. Remarkably, in the previous year only 44% of the 

members sold output to the FMO. As expected, this percentage is significantly lower among non-

members. The FMOs generally sell through their unions. We did not come across any examples of 

FMOs that developed extensive business relationships with private traders/processors in the market. 

Some FMOs realized spot-market transactions with private traders, but these contacts were not used 

to develop long-term business relationships or new business models. In line with Bernard et al. 

(2010), we observe that the managerial capabilities of FMO representatives are weak, and that all co-
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operatives are severely resource-constrained. None of the FMOs under study developed their actions 

on the basis of a strategic plan. These managerial capabilities were more developed at the level of the 

unions, although these larger units were still in the start-up phase, facing more bureaucratic 

challenges, and struggling to create a position next to the multipurpose co-operatives and private 

traders. All FMOs expressed the need for a larger member-base. More scale in their business was 

observed to be a key challenge for the future of their organization. A rise in the number of members 

was seen as the best way to realize this. Interestingly, no reference was made to a potential increase 

in the commitment of the existing member base – in particular the 56% of the members who did not 

sell to the FMO.  

Table 2: Use of FMO Services: Buying, Selling, and Training 
 Total Members Non-members Balancing 

tests 

 N Mean N1 Mean N2 Mean (4)-(6) 

 (1) (2) (3) (4) (5) (6) (7) 

Buying inputs from the FMO        

Fertilizer (%) 683 0.23 531 0.25 152 0.14 -0.106*** 

       (-2.76) 

Sales to the FMO        

Have you sold to the FMO last year? (%) 683 0.40 531 0.44 152 0.23 -0.212*** 

       (-4.79) 

Average quantity sold to FMO quintals/4 crops 199 7.46 174 7.31 25 8.56 1.254 

       (0.38) 

Average quantity sold to traders quintals/4 crops 477 14.00 359 15.67 118 8.90 -6.772 

       (-1.26) 

Average value sales to FMO/ 4/crops (Birr) 199 6,378 174 6,332 25 6,703 371.313 

       (0.14) 

Average value sales to private traders/4 crops 477 10,629 359 11,179 118 8,957 -2221.79 

       (-0.72) 

Use of services        

Training on agricultural production (%, yes=1) 683 0.43 531 0.53 152 0.08 -0.448*** 

       (-10.62) 

Training on marketing and business (%, yes=1) 683 0.43 531 0.53 152 0.08 -0.446*** 

       (-10.58) 

Did you receive any price information? (%, yes=1) 683 0.41 531 0.51 152 0.08 -0.430*** 

       (-10.16) 

Notes: Columns 4 and 6 present the mean of the members and non-members, respectively. Column 7 shows the 

coefficient from a balancing test between the two groups. T-stats in parentheses ***Significant at the 1% level. 

**Significant at the 5% level. *Significant at the 10% level. We counted the total average quantity and value for the 

four major crops, all cereals, together: maize, barley, teff, wheat.  

 

Most of the output was sold to private traders. We calculated this figure for the four main crops (teff, 

wheat, barley, maize), also the main crops targeted by the FMOs. Some spillover effects became clear 

as non-members living in the FMO village also sold to the FMO. We asked farmers who had sold to 
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private traders why they did not sell to the FMO. A large majority indicated that the FMO did not 

buy at the time of selling. Some indicated that the quality was rejected, and a slightly bigger group 

explained that the price was not interesting. 

Over 50% of the members used the FMO in the previous year to receive training on agricultural 

production, on marketing and business, and on price information. For these services the spillover 

effects are quite low. Only a few non-members indicated that they got access to these services through 

the FMO. We also asked farmers to rate the quality of the trainings and price information. Only a few 

respondents stated they were not satisfied, while a large majority indicated that they appreciated the 

services.  

Table 3: Perceptions Regarding the FMO 
 Total Members Non-members Balancing tests 

 N Mean N1 Mean N2 Mean (4)-(6) 

 (1) (2) (3) (4) (5) (6) (7) 

Perceptions (1=totally disagree, 3=neither agree nor disagree, 

5= totally agree)  

       

The FMO is the preferred buyer (end-line) 682 3.80 530 3.92 152 3.39 -0.527*** 

       (-4.17) 

The FMO strengthens the position of farmers (end-line) 683 3.59 531 3.61 152 3.55 -0.054 

       (-0.41) 

Better prices are received through the FMO (end-line) 683 3.61 531 3.67 152 3.31 -0.252* 

       (-1.90) 

Perceptions (yes =1)        
The FMO is a weak organization as important decisions are not 

made by its members 

683 0.37 531 0.37 152 0.34 -0.03 

       (-0.69) 

Thanks to the FMO access to market information is easier 683 0.62 531 0.63 152 0.57 -0.062 

       (-1.40) 

Major purpose of the FMO is access to inputs/cons. goods 683 0.64 531 0.64 152 0.62 -0.022 
       (-0.49) 
Major purpose of FMO is providing good selling opportunities 683 0.79 531 0.79 152 0.76 -0.038 
       (-1.01) 

Notes: Column 4 and 6 present the mean of the members and non-members respectively. Column 7 displays the coefficient 

from a balancing test between the two groups. T-stats in parentheses. ***Significant at the 1% level. **Significant at the 

5% level. *Significant at the 10% level. 

 

Table 3 provides information about perceptions regarding the role of the FMO. On average, we 

observed quite some support for the cooperative. About 50% of the members agreed or strongly 

agreed with the statement that the FMO is the preferred buyer for their crops. They also agreed that 

the FMO strengthens the position of farmers in the market and that they obtain better prices thanks 

to the FMO. About 63% of the members rejected the statement that the FMO is a ‘weak’ organization, 

and a majority confirmed that the existence of the FMO makes access to market information easier 

and agrees that the major purpose of FMOs is to provide good selling opportunities. In general, we 
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observed that the members were somewhat more positive about the FMO than the non-members in 

the same FMO village. However, most differences are not significant. The members did have a 

somewhat stronger preference for the FMO as a buyer (3.9 vs 3.4). 

 

Taking into account the fact that only 12% of the farmers are members (Bernard et al., 2010) and that 

only 44% of the members actually sell to the FMO, we conclude that the results presented in Table 3 

are somewhat confusing. On the one hand, it is disturbing that the majority of the members still do 

not sell through the FMO and that most of the surplus is sold to private traders. Acknowledging that 

the FMOs have been getting donor support since their establishment (usually more than ten years 

ago), critical observers may claim that the performance is quite disappointing: the low market shares 

indicate that FMOs are organized inefficiently and not competitive in comparison to private traders. 

On the other hand, the results regarding perceptions show quite some support for the FMOs. 

Advocates will use this outcome and claim that it should be possible to increase farmers’ commitment 

and improve the operations of the FMOs.  

This obviously raises the question of how valid the perceptions measured through direct questions 

are and to what extent opportunistic behaviour or social pressure may bias the results. This is a crucial 

matter for FMO management and donors. A strong belief (perception) in the organizational strength 

of the FMO is needed for a committed member base and is one of the pre-requisites of an 

entrepreneurial FMO. In the next section, we analyse the perceptions regarding the organizational 

strength of the FMO through the use of a list experiment.  

5.6 Social Desirability and Perceptions Regarding the Organizational Strength of an FMO 

As described in Section 5.2 we asked the respondents to participate in a list experiment to assess their 

perceptions regarding the FMO organization. The key statement was formulated as follows: “The 

FMO is a weak organization, as important decisions are not made by its members”. This statement 

addresses a major issue in the Ethiopian context as many decisions are influenced by external 

stakeholders. The government constrains the possibilities to create FMOs through formal institutions. 

Moreover, NGOs and local governments are involved in the establishment, selection, and decision-

making process. Some respondents may recall similar experiences in the past when a blueprint 

organizational structure was imposed by the (local) government without consent of the targeted 

members.  
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Despite the role of external stakeholders, FMOs in the villages operate under local management by 

villagers who see the organization as an instrument to strengthen the position of farmers on the 

market. The villagers know each other, and therefore there may be social pressure to reject the 

formulated statement. Moreover, it is very well possible that more opportunistic respondents simply 

deny this problem as the FMO may provide interesting opportunities in the future.  

Before presenting the results of the list experiment, we evaluate its design (Table 4). Floor and Ceiling 

Effects play a minor role. Of the 359 observations in the control group, only 9.47% reported ‘no’ to 

all of the presented statements, while 16.99% showed support for all of the statements. We also 

checked for the so-called design effect, which is present when an individual’s response to a non-

sensitive item changes depending on whether or not the sensitive item is present. For the difference 

in means estimator to be valid, the mean ‘yes’ response to the non-sensitive items must on average 

be the same for both treatment and control group (Imai 2011). As shown by Blair and Imai (2012), 

we can apply the List package in R to test for design effects. With a p-value of 1, we find no evidence 

for rejecting the null hypothesis of no-design effects.  

Table 4: Data for the List Experiment 
 Control group Treatment group 

Response value Frequency Percentage Frequency Percentage 

     

0 34 9.47 13 4,01 

1 139 38,72 83 25.62 

2 125 34,82 122 37.65 

3 61 16,99 82 25.31 

4   24 7.41 

     

Total 359  324  

Note: This table presents the frequency and percentage of respondents for each response value.  

 

 

Table 5 presents the results of the list experiment and the direct question. About 37% of the 

respondents support the statement when a direct question is posed. In a list experiment format, over 

47% of the respondents support the statement that the FMO is a weak organization. The Z-test statistic 

for the difference in proportions shows that the difference is highly significant. In column 2 (Table 

5) we do the same analysis for the subgroup of FMO members: it shows that the bias increases to 

12.4%.  
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Table 5: Bias Observed Through a List Experiment  
 Sub-group: Whole 

population 

Members only Support (4-5) Members only 

+ support (4-5) 

  (1) (2) (3) (4) 

Direct report:      

-Proportion of people reporting that the 

FMO is weak 

 0.366 0.373 0.289 0.294 

 SE (0.018) (0.021) (0.021) (0.024) 

 N 683 531 446 354 

List experiment:      

-Mean of ‘yes’ responses for the short 

list 

 1.593 1.569 1.587 1.585 

 SE (0.046) (0.055) (0.058) (0.067) 

 N 359 274 223 177 

      

-Mean of ‘yes’ responses for the long 

list 

 2.065 2.066 2.072 2.068 

 SE (0.055) (0.062) (0.067) (0.077) 

 N 324 257 223 177 

      

Difference (proportion of people 

reporting FMO is weak) 

 0.472 0.497 0.484 0.480 

-SE of difference  (0.071) (0.083) (0.089) (0.102) 

-p-value from t-test  0.000 0.000 0.000 0.000 

 N 683 531 446 354 

      

Comparison of direct question and list 

experiment. List experiment minus 

direct report 

 0.106*** 0.124*** 0.195*** 0.186*** 

      

Z-test statistic for difference in 

proportions 

 3.951 4.002 4.501 5.093 

Notes: Direct report is the answer (yes/no) to the direct question “The FMO is a weak organization, as important decisions 

are not made by its members”. In order to be able to identify the sub-groups for column 3 and 4, each respondent was 

asked to rate the statement “The FMO strengthens the position of smallholders in the market”. By using a Likert scale the 

respondents expressed strong support (5), support (4) or no support (1,2 and 3) for the FMO. A z-test is applied to test 

the difference in proportions obtained through the direct report and through the list experiment. Applying a t-test to test 

the difference between the two groups would yield an incorrect answer, as a t-test would test for a difference in means 

rather than a difference in proportions.  

Standard errors in parentheses. * Significant at 10%. ** Significant at 5%. *** Significant at 1%.  

 

In our search for a further specification of the group that provides biased answers we checked whether 

those who indicated in the survey that they strongly support the statement “The FMO strengthens the 

position of smallholders in the market”, are more biased than those who are more reserved regarding 

the positive effects of the FMO.47 In Table 5 we distinguish two sub-groups: those who “totally agree” 

or “agree” with the statement that the FMO strengthens the position of smallholders (column 3) and 

those who do not agree. The list experiment results show that the bias concerning the direct question 

regarding the weakness of the FMO is more important among supporters: approximately 20% do not 

                                                   
47 Each respondent was presented with the statement “The FMO strengthens the position of smallholders in the market” and was 

asked to rate the statement from 1 (totally disagree) to 5 (totally agree). This statement was designed to reveal whether the 

respondent showed strong support (5), support (4) or no support (1, 2, and 3).  
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reveal their true perception48 if the question is posed directly. It appears that for opportunistic reasons 

or due to social pressure quite a number of the strong supporters do not express their real opinion. 

Members indicating support for the statement that the FMO strengthens the position of farmers show 

a similar bias (column 4). Interestingly, the observed bias does not further increase when members 

only are taken into account. We already noted that the small membership fee is a weak signal for the 

willingness to support the FMO. Open access to FMO services further weakens the membership 

signal, and this may explain why, contrary to expectations, the bias is similar among members and 

non-members supporting the FMO.  

We need to make two remarks regarding the subgroup analysis presented in Table 5 (columns 2-4). 

First, we acknowledge that the tests can be underpowered if the subgroups are small; data limitations 

do not make it possible to address this point. Furthermore, the difference in means approach does not 

allow us to adjust for multiple covariates at the same time. However, Imai (2011)49 proposes a 

multivariate regression technique to address this problem. He developed a maximum likelihood 

estimator that estimates the joint distribution of the number of control items a respondent supports 

and the respondent’s truthful answer to the sensitive item. The first step of his approach yields 

coefficients for predicting the number of non-sensitive items a respondent will support as well as the 

likelihood that the respondent will support the sensitive item. Thus, allowing us to relate several 

respondents’ characteristics to their answers to the sensitive question if identical control questions 

are asked to both the treatment and the control group (Blair and Imai, 2012). This first set of predicted 

probabilities can be thought of as being free of social desirability bias. The following step is to use a 

standard logit regression considering only responses to the direct question, to generate a second 

multivariate model of support for the sensitive item. Again, results of the model are used to generate 

predicted probabilities as a function of respondent characteristics. These estimates, since they do not 

rely on responses to the list experiment, can be thought of as being contaminated by social desirability 

bias (should such be present). The differences between the two sets of estimates can then be plotted 

with their corresponding confidence intervals to assess statistical significance, and facilitate 

interpretation (Figure 1). 

 

                                                   
48 We checked for differences between the group of supporters and non-supporters. The balancing tests are available upon request. 

Only one significant difference (distance to the woreda market) is observed. 
49 See also Blair and Imai (2012) for a further explanation and use of the regression methodology for analyzing list experiments. 

Corstange (2009) also provides a multivariate method for modelling list experiments, but this requires an additional independence 

assumption and a procedural change in the administration of the list experiment. 
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In Table 6 the Imai approach is applied. We include gender, age, years of education, main occupation, 

land owned, distance to the co-operative, a dummy for membership, a dummy indicating strong 

support, and interaction of the two dummies.50 We use the R package designed by Blair and Imai 

named List to estimate both models. 

The results from the first model (using only responses from the list experiment) are presented in 

columns 1 and 2 of Table 6. The coefficients in the column of the sensitive item predict whether a 

respondent will answer ‘yes’ to the sensitive item in the list experiment. The coefficients in the control 

item column predict the number of non-sensitive items supported. Again these two columns together 

form a set, reflecting the results of the list experiment in which the social desirability bias is absent. 

The final column displays the results of a standard logit model that only makes use of the data from 

the direct question, and is thus contaminated by social desirability bias. The results of the List 

experiment (column 1) indicate that members and supporters are more likely to state that the FMO is 

a weak organisation.51 However, the interaction term is negative for respondents who are members 

and supporters. 

Table 6: Multivariate Analysis of the List Experiment and the Direct Question 
 Sensitive item Control items Direct question 

VARIABLES Est. (SE) Est. (SE) Est. (SE) 

 (1) (2) (3) 

Sex household head (male=1) -2.250 -0.023 -0.267 

 (1.156) (0.190) (0.314) 

Age household head (years) 0.054 -0.013 0.001 

 (0.030) (0.005) (0.007) 

Education level (years finished) 0.088 0.013 -0.004 

 (0.092) (0.017) (0.024) 

Farming as main occupation  1.486 -0.087 0.712* 

 (1.246) (0.229) (0.406) 

Land owned (ha) 0.192 0.001 0.110*** 

 (0.173) (0.008) (0.039) 

Distance to corporative (km) 0.184 0.006 -0.010 

 (0.184) (0.029) (0.040) 

Member  1.840 -0.202 0.457 

 (1.532) (0.216) (0.313) 

Support  3.101 -0.472 -0.621* 

 (1.737) (0.241) (0.363) 

Member*Support -2.998 0.517 -0.430 

 (1.935) (0.288) (0.413) 

Constant -5.152 1.105 -1.072* 

 (2.831) (0.190) (0.593) 

Notes: The key variables are: member, support, and the interaction of the two. Standard errors in in parentheses. P 

values in column 3 correspond to a t-test*** p<0.01, ** p<0.05, * p<0.1.  

 

                                                   
50 The dummies for members and strong support, along with their interaction, relate these results to the results obtained from the 

standard difference in means estimator presented in Table 6. 
51 A standard Wald test is applied to assess statistical significance of the individual estimates. For testing joint significance, a 

likelihood ratio test can be applied.   
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Figure 1 displays the results of our subgroup analysis. The subgroups of interest are along the x-axis, 

and the proportion of respondents who believes that the FMO is weak is along the y-axis. The bars 

around each estimate represent 95% confidence intervals. We use 10,000 Monte Carlo draws to 

estimate confidence intervals on effects and differences in effects.52 We here see that for the 

subgroups of supporters, and supporters who are members, the difference between the list experiment 

estimate and the direct question estimate is greater than zero, by 22 percentage points and 20 

percentage points, respectively. For the subgroup of members, we observe a bias of 16 percentage 

points, however, not significant. 

 

Notes: The estimates (solid circles = members, triangles = supporters, squares = members + supporters) are based on a 

logistic regression model for the direct measure and the proposed maximum likelihood regression model for the indirect 

measure from the list experiment. Both models contain the three variables member, support, member+support as well as 

a set of controls: gender, age, education, main occupation, land owned, and distance to the co-operative. The 95% 

confidence intervals (vertical lines) are obtained via Monte Carlo simulations. 

 

Figure 1: Estimated Bias of Respondents Endorsing the Sensitive Item 

 

We conclude that FMO managers, policymakers, and donors have to take into account the fact that 

perceptions regarding local support for their initiatives are not easily measured. If donor/government 

investments are not matched by local fees or commitments, it is relatively easy for interviewees to 

provide an opportunistic answer or to give in to social pressure and provide the desired answer. 

Regarding the assessment of FMO services similar restrictions predominate. In particular, the answers 

                                                   
52 We apply the same approach as Blair and Imai (2012) to calculate our confidence intervals. That is, we first sample parameters 

from the multivariate normal distribution, where the mean is set to the vector of parameter estimates, and the variance is set to the 

estimated covariance matrices. Second, we calculate the quantity of interest, using equation 14 in their paper (p56). Lastly, we 

average over the empirical distribution of covariates for the entire data. 
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of ostensibly strong supporters are biased. This result is important for FMO management as we expect 

that their actions are especially based on the convictions of strong supporters. These findings help us 

explain why so many of these FMOs fail to show a promising growth path: the members and 

supporters themselves are far less optimistic about the venture than their expressed perceptions 

indicate.  

 

5.7 Conclusion 

The results confirm that social desirability and opportunistic behaviour bias the responses given to 

questions regarding the strength of the FMO organization. A list experiment is a powerful method to 

identify this bias. It also shows that in particular those respondents who express support for the FMO 

when asked directly tend to lie more often. In order to identify their true opinion we use a list 

experiment format to obtain less biased answers regarding the sensitive issue. 

The results help us to understand why further growth of FMOs in Africa is lagging behind 

expectations. Even though farmers are quite positive about the services the FMOs provide, their sales 

to the FMO are below expectations, and more than 50% of the members never sell through the FMO 

organization. This hampers further development of these FMOs and certainly restricts their ability to 

realize necessary investments to upgrade their resources, which further explains the stationary state 

in which many of these FMOs survive. 

The importance of this topic lies in the fact that FMOs and their donors are misled if support for the 

FMO is based on direct questions. Advocates of FMOs interpret the favourable opinions as support 

and defend their initiatives to establish FMOs, while opponents refer to the limited use of the services. 

This ambiguity hampers FMO managers, policymakers, and donors who try to base their actions on 

realistic prognoses of existing support by targeted members. Actual selling behaviour is a strong 

proxy for the farmers’ perceptions. Sales however only become clear ex post, while it would be better 

for FMO managers and donors to know the attitudes ex ante. As FMOs have to compete with private 

traders and economies of scale are required to make attractive offers to members and non-members, 

a committed member base is needed. 

Although we acknowledge the resource constraints of smallholders and the risk of selection, we also 

consider the research outcome a serious plea for a strong ex-ante commitment signal of farmers who 

want to become a member: a considerable membership fee and/or requirements regarding sales to the 

FMO. Of course, this may result in selection and it may possibly depreciate the importance of the 
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FMO as an instrument to reduce poverty. We argue that this latter claim requires nuance, as open 

membership and open access to FMO services fuel opportunistic behaviour, which in the end 

concerns a larger threat that may explain why so many FMOs are characterized by weak management 

and a constrained resource base. The effect is indeed that FMOs become less effective instruments in 

the struggle against poverty. We conclude that proper selection or competitive screening of members 

is needed to build efficient FMOs. 
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Appendix 

 

Table A1: Descriptive Statistics: Treatment vs Control 

 
Whole 
sample  Treatment  Control  

Balancing 
tests 

Dependent variable N Mean N1 Mean N2 Mean  (3)-(5) 

 (1) (2) (3) (4) (5) (6)  (7) 

Sex household head (male=1) 683 0.902 324 0.914 359 0.891  0.022 

       (-0.974) 

Age household head (years) 682 46.977 323 46.966 359 46.986  -0.020 

       (0.020) 

#Adults 683 3.523 324 3.577 359 3.474  0.104 

       (-0.793) 

Household size 683 7.331 324 7.475 359 7.201  0.275 

       (-1.305) 

Household Muslim (yes=1) 683 0.539 324 0.528 359 0.549  -0.021 

       (0.548) 

Household Christian (yes=1) 683 0.461 324 0.472 359 0.451  (0.021) 

       (-0.548) 

Education level (years completed) 683 4.477 324 4.63 359 4.34  -0.290 

       (-0.953) 

Household illiterate (yes=1) 683 0.275 324 0.253 359 0.295  -0.042 

       (1.232) 

Household head with some elementary education 683 0.264 324 0.272 359 0.256  0.015 

       (-0.454) 

Household head with some secondary education 683 0.299 324 0.296 359 0.301  -0.005 

       (0.129) 

Farming as main occupation (1=yes) 683 0.937 324 0.944 359 0.930  0.014 

       (-0.756) 

Land owned (ha) 683 3.041 324 2.899 359 3.169  -0.270 

       (0.583) 

Distance to woreda market (km) 683 10.021 324 9.853 359 10.172  -0.320 

       (0.699) 

Distance to all weather road 683 1.635 324 1.494 359 1.766  -0.269* 

       (1.681) 

Distance to co-operative (km) 683 2.084 324 2.127 359 2.046  0.081 

       (-0.502) 

Notes: Columns 3 and 5 present the mean of the control and treatment group, respectively. Column 6 shows the coefficient 

from a balancing test between the two groups. T-stats in parentheses. ***Significant at the 1% level. **Significant at the 5% 

level. *Significant at the 10% level. 
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Chapter 6 

Conclusion 

 

6.1 General discussion 

‘We do not want to restrict our learning about what works to interventions in which an RCT proves 

possible.’ This statement, written by Howard White (2014), stands as a reminder that just because an 

RCT is not feasible in a given setting, it does not follow that a proper impact evaluation cannot be 

done. In an era where RCTs hold the status as the gold standard for drawing causal inference, 

questions still persist about whether non-experimental designs can and should be used to answer 

attribution questions. The central question being if non-experimental designs can adequately address 

selection bias. The findings of this thesis addresses the need for continued interest and improvement 

of non-experimental designs, arguing that, if designed appropriately, non-experimental designs can 

control for selection bias and thus provide proper impact estimates.  

 

In 2016, at the “State of Economics, State of the World” conference, Esther Duflo gave a talk, where 

she discussed the influence of RCTs as a tool for policy evaluation, pointing out ‘that there has been 

a very rapid increase in the number of RCTs in development since mid-1990s’ and that ‘RCTs have 

increased the standards of non-experimental work’ (Duflo et al., 2016). That is to say, the rapid 

increase in the number of RCTs, as documented by Cameron et al. (2016), has pushed researchers to 

develop better and more reliable non-experimental designs, as more attention has been paid to the 

potential biases that arises when the chosen methodology is non-experimental. Thus, although RCTs 

hold a clear identification advantage, it is fine to apply alternative designs, as long as one understands 

their shortcomings.  

 

Not only has there been a rapid increase in RCTs in development, but there has been a general growth 

in the number of impact evaluations. RCTs only account for a fraction of the total number of impact 

studies, reflecting the continued importance of research into non-experimental designs. Despite this 

considerable growth, the challenge is still to produce more studies. ‘Global policy should not be based 

on a single study from a single country, but on a large number of studies confirming whether an 

intervention works or not, and how that impact varies according to context’ (White, 2014). A 1000 

impact evaluations might sound like a lot, however, when you look at the bigger picture, and realize 

that there are more than 100 developing countries, each with 20 sectors or more, then a 1000 impact 
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evaluations are suddenly not a lot (Savedoff, 2013). It is therefore important to continue to produce 

impact evaluations. Not only applying RCTs, but also study the application of non-experimental 

techniques to further understand the impact of different interventions.  

 

The non-experimental techniques discussed in this thesis far from represents the complete set of 

available non-experimental techniques. Rather, they represent a selected subset of techniques 

applicable for the different evaluation scenarios encountered throughout the chapters of this thesis. 

They add to the growing amount of impact evaluations, showing that a (convincing) causal 

relationship can be established in the absence of a randomized design. Furthermore, they emphasize 

the need for the continued development of non-experimental designs as an alternative to randomized 

designs.  

 

The sequence of the chapters in this thesis shows, in a step by step fashion, the different challenges 

associated with the introduction of bias, and the possible remedies. Starting at the macro level, each 

step gradually zooms in to the individual level. The first step considers the challenge of evaluating 

the impact of macroeconomic policies (Chapter 2), finding that healthcare financing reforms curb 

total healthcare expenditures. The scope of the following two chapters is then set for data at the 

household level, considering the impact of different micro credit programs, with a common factor, 

that both credit markets are not absent ex-ante, and randomization is therefore not possible. The first 

of the studies (chapter 3), applies the expansion plans of the MFI to develop an identification strategy 

to assess the impact, finding an overall limited impact for the program. However, finding substantial 

differences between regions. The second study (chapter 4), identifies the causal impact of a 

microfinance project using a retrospective non-experimental evaluation design, finding small impacts 

of the program. The chapter then investigates how the loan proceedings of the households are spend 

in an attempt to explain the limited impacts, revealing that loan proceedings where not spent 

productively, as otherwise indicated by the beneficiaries. The last chapter zooms in to the individual 

level, finding that social desirable and opportunistic behaviour affect the revealed support for 

Farmers’ Market Organizations. No matter the setting, and possible cause of bias, these findings 

emphasize the need for a continued interest in non-experimental techniques, and thus not restrict our 

learning to randomized settings. The next sections review the main lessons we learned from each of 

the chapters, discussing the resulting policy implications, and their implications for future research.  
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6.2 Evaluating macroeconomic interventions  

In chapter 2, we analyse whether healthcare financing privatisations curb total healthcare 

expenditures. Applying a propensity score matching methodology, we find that healthcare financing 

privatisations lead to cost savings in total healthcare expenditures in our sample of OECD countries. 

The results suggest an annual cost saving of 0.09 percentage points of GDP per year. Accumulated 

this means that about 0.45 percentage points of GDP are saved over 5 years following a privatisation. 

The results also show that savings in total HCE are large in the beginning of the post reform period, 

but decrease continually approaching a zero effect after five years. That is, the yearly effect decreases 

as a function of time after the reforms. The results presented in chapter 2 are robust to various 

sensitivity tests, which leads to the conclusion that healthcare financing privatisations seems like a 

valid approach to reduce government expenditures. However, the results presented here must be taken 

with caution as outlined below.   

 

The main policy implication from chapter 2 is that healthcare financing privatisations curb aggregate 

healthcare expenditures in advanced economies. Such gradual shifts from public to private financing 

can lead to lower aggregate healthcare consumption. However, we are not able to draw any 

conclusions regarding efficiency. The cost savings that we observe might come from negative effects 

of the privatisations. Low-income groups are more likely to consume less than the optimal level of 

healthcare due to budget constraints. Due to data restrictions, we cannot at this point assess whether 

the privatisations in question cause health equality and/or quality to decrease.  An increase in private 

payments may make the consumers choose lower quality of healthcare. We are unable to assess 

whether the reform we analyse have an impact on the overall quality of healthcare.  

 

The results given in chapter 2 should not be interpreted as if healthcare financing privatisations will 

deliver a positive outcome in general equilibrium, but only that these privatisations leads to cost 

savings in total healthcare expenditures. Part of the population might be excluded from healthcare, 

while another group will choose for a lower quality of healthcare, thus decreasing the overall health 

quality of the population. It is therefore not settled if healthcare privatisations are optimal from a 

welfare perspective. This is clearly a topic for future research.  

 

6.3 Expansion plans and impact 

In chapter 3, we zoom into the household level, were we evaluate the impact of microfinance loans 

from a Bolivian microfinance institute in two different regions within Bolivia. To isolate the causal 
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effect of the microcredit loans, our identification strategy apply the potential expansion plans of the 

MFI. The expansion plans enable us to follow and extend the method of Coleman (1999), by applying 

a difference-in-difference in space, where we also forecast the composition of clients and non-clients 

in the planned expansion area as well as the area where the MFI is currently active. The findings in 

chapter 3 give us a lesson in how much results can differ depending on the region under consideration. 

For the Yungas region, little to no impact is found, whereas the story is much different for the 

Chuquisaca region, where significant impacts are found on multiple outcome indicators. The impacts 

in the Chuquisaca region are both negative as well as positive. The negative impacts are for 

agricultural outcomes, and the positive impacts are observed for the business outcomes. This 

combined with an observed shift in the income distribution could signal that the loans provided by 

the MFI under study, to some extent, finance a shift in the income generating activities of households 

from agriculture to business.  

 

The methodology in chapter 3 provides the policymaker with a tool to evaluate the impact of a 

microcredit program relatively cheaply and fast, relying only on one round of data collection. 

However, it relies on that the MFI under study has plans to undergo an expansion in the near future, 

and have such expansion plans available.   

 

Future research would benefit from additional analyse on the substitution effects and complementary 

effects of a household’s loans, as well as the intra household substitution that might take place when 

a member of the household takes on a new loan. The microcredit market in Bolivia is one of the 

densest markets in the world, and therefore the likelihood that households already have one or more 

loans from different institutes is very high. If on one hand, a relatively large substitution effect is 

present between a new microfinance loan and the households’ pre-existing loans, little to no 

significant impacts can be expected of a subsequent impact evaluation. On the other hand, if the 

additional microfinance loan act as a complement to the pre-existing loans, it gives reason to expect 

significant impacts of a subsequent impact evaluation. The findings in chapter 3 differ significantly 

between the two regions, and the potential difference in substitution and complementary effects of 

the additional loan, could explain this difference, as the households in the Yungas regions have 

significant larger amount of pre-existing loans compared to the households in the Chuquisaca region. 

Additionally, future research applying this methodology would benefit from a second survey round, 

to be able to study how the composition of future borrowers and non-borrowers turned out in the 

expansion area.   
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6.4 Impact of ongoing projects 

In Chapter 4, we consider a retrospective, non-experimental, impact evaluation of a microcredit 

program implemented by Ghanaian microfinance institute (MFI). In addition to providing new results 

about the impact of microcredit, the study in chapter 4 suggests a non-experimental evaluation 

strategy when an RCT is not possible. The methodology consists of a propensity score matching 

approach combined with a double difference methodology, where pre-intervention data is constructed 

using recall. By calculating the propensity scores and constructing a common space, microfinance 

clients and non-clients that exhibit substantial differences in their observable characteristics are 

excluded from the analysis. Even after ignoring households outside this common space, the balancing 

tests show persistent differences between the control and treatment households. These observed 

differences signals the need for further controlling for selection bias, and hence the importance of 

applying a double difference methodology. The findings are in line with recent experimental research 

investigating the impact of microcredit. That is, we observe minor impacts of the provision of 

microcredit, at least in the short run. In an attempt to explain the results of the impact evaluation, a 

list experiment is implemented to investigate the effect of social desirable behaviour on the reported 

loan use of the household’s microfinance loan. An important aspect of the underlying theory of 

change is that loan proceedings are mainly spent productively. Similar to Karlan and Zinman (2012), 

we find that almost 50 per cent of the microfinance members spent their loan proceedings on 

consumer items rather than being spent productively. The results here clearly reveal a discrepancy 

between the respondent’s actions and their survey response, and thus provide a possible explanation 

for the results of the impact evaluation. 

 

From the point of view of policymakers, the findings in chapter 4 regarding the impact of microcredit 

suggest a less costly and faster approach, when it comes to evaluating the impact of their programs. 

The outcome of the list experiment clearly indicates the challenge associated with obtaining 

information about sensitive questions through direct surveys. This suggests that future surveys should 

be equipped to deal with questions regarding sensitive issues. The main strength but also the 

limitation of chapter 4 is with the use of recall. The crucial importance of baseline data, which is 

needed to employ a double difference methodology, indicates a clear benefit of using recall. Yet, if 

the treatment group is more precise in recalling than the control group, the recall method may lead to 

bias of the results. Additional research is needed to determine whether the potential bias due to recall 

outweigh the clear benefits. The extent to which the outcome of the list experiment might also invalid 

the answers to other questions is unclear. However, we expect little to no bias, because most of the 
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other questions cannot be regarded as sensitive. Yet, more research about potential bias related to 

direct questioning appears important.  

 

6.5 Unrevealing true preferences  

In chapter 5, we investigate the farmers’ perceptions in rural Ethiopia regarding the Farmers’ Market 

Organizations. Reliable information about farmers’ perceptions is important as it may help donors 

and governments to focus their activities towards vital initiatives. However, if target groups are 

simply asked whether they ‘like it or not’, it is appealing for many farmers to simply confirm, leading 

to the false impression that they will actually use these services. This chapter provides two main 

contributions. First, we test the influence of social desirability and opportunism on the answers by 

the farmers to direct questions regarding the importance of the Farmers’ Market Organizations 

operating in the area. Using a list experiment, we support our argument that farmers may feel social 

and/or opportunistic pressure to express positive opinions concerning the Farmers’ Market 

Organization. The revealed actions are thus not in line with the opinion they express when asked 

directly. The opinions derived from a direct question therefore give us a biased upper bound of 

support for the activities of the Farmers’ Market Organization, while the revealed actions of the 

farmers provide a bias lower bound. Second, the list experiment method is extended, enabling us to 

distinguish various characteristics. Specifically, we investigate differences in the response bias 

between members versus non-members, and supporters (believers) versus non-believers.  

 

We learned that social desirability and opportunistic behaviour, bias the responses given to questions 

regarding the strength of the Farmers’ Market Organization in the area. In particular, those 

respondents who express support for the organizations when asked directly tend to lie more often. 

The results in chapter 5 help us to understand why further growth of Farmers’ Market Organizations 

in Africa is lagging behind expectations. The importance of this topic lies in the fact that Farmers’ 

Market Organizations and their donors are misled if support for the Farmers’ Market Organization is 

based on direct questions. Advocates of Farmers’ Market Organizations interpret the favourable 

opinions as support and defend their initiatives to establish Farmers’ Market Organizations, while 

opponents refer to the limited use of the services. This ambiguity hampers managers of the 

organizations, policy-makers, and donors who try to base their actions on realistic prognoses of 

existing support by targeted members. If donor/government investments are not matched by local 

fees or commitments, it is relatively easy for interviewees to provide an opportunistic answer or to 

give in to social pressure and provide the desired answer. Thus, the results presented in chapter 5 



525243-L-bw-Eriksen525243-L-bw-Eriksen525243-L-bw-Eriksen525243-L-bw-Eriksen
Processed on: 19-10-2018Processed on: 19-10-2018Processed on: 19-10-2018Processed on: 19-10-2018 PDF page: 165PDF page: 165PDF page: 165PDF page: 165

IMPACT EVALUATIONS, BIAS, AND BIAS REDUCTION 
 

 

 

159 

 

imply that managers of the Farmers’ Market Organizations, policy makers and donors have to take 

into account the fact that perceptions regarding local support for their initiatives are not easily 

measured.  

 

Future research into this area would benefit from taking the next step and introduce a significant fee 

and/or commitments to be able to disentangle the true perceptions of the farmers, and thus be able to 

close the gap that famers’ market organizations have to similar organizations other places around the 

world.  

  

6.6 Final remarks 

This thesis set out to investigate bias and bias reduction, when applying non-experimental designs to 

study the impact of a certain policy or intervention. Starting at the macro level, and step by step 

zooming in to the individual level, different scenarios were studied, highlighting the need for a whole 

toolkit of different identification strategies. Despite the rapid growth in the number of impact 

evaluations, there is still a lot to be learned about what works and what does not. This thesis has 

helped answering these questions, by adding to the number of impact evaluations, exploring 

interesting scenarios. One question that jumps to mind after reading this thesis is, “if randomization 

is not possible. What is the second best alternative?” While some researchers might agree, I still 

believe that there is no clear answer, as it depends on the given scenario. I would instead argue that 

each intervention needs an assessment of what techniques are available, and then select the most 

appropriate one. I hope to see researchers continue to study non-experimental designs as a 

fundamental alternative to randomized designs. Future research might then bring us to a point where 

there is a clear answer to what the second beast alternative is.  

 

‘People say nothing is impossible, but I do nothing every day.’ (Milne, 1926). 
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Summary 

In this thesis, I investigate non-experimental techniques in order to make causal claims, study biases, 

and show how non-experimental methods can adequately reduce bias. In doing so, I stress the need 

for continued interest in and improvement of non-experimental designs as a fundamental alternative 

to randomized designs. I present evidence from different impact studies, gradually zooming in from 

the macro level to the individual level. In chapter 1, I introduce the concepts of bias and bias 

reduction, presenting an overview of the methodologies and research questions, guiding the reader 

through the core chapters of this thesis.   

 

Chapter 2 starts at the macro level, analysing whether healthcare financing privatizations curb total 

healthcare expenditures in advanced economies. Using a propensity score matching methodology, I 

find that healthcare financing privatisations lead to cost savings in total healthcare expenditures in 

our sample of 20 OECD countries. The results suggest an annual cost saving of 0.09 percentage points 

of GDP per year. Accumulated this means that about 0.45 percentage points of GDP are saved over 

5 years following a privatisation. The results also show that savings in total health care expenditures 

are large in the beginning of the post-reform period, but decreases continually approaching a zero 

effect after five years. 

 

In chapter 3, I zoom in on the household level, evaluating the impact of microcredit from a Bolivian 

microfinance institution (MFI) in two different regions within Bolivia. I am able to identify the causal 

effect of the microfinance loans, by applying a double difference model in space. The results suggest 

big differences between the two regions: the first region shows little to no impact, whereas in the 

second region, significant impacts are found on multiple outcome indicators. The impacts observed 

in the second region are both negative and positive. The negative impacts are for agricultural 

outcomes, and the positive impacts are observed for the business outcomes. Combined with an 

observed shift in the households’ source of income, these effects suggest that the loans provided by 

the MFI under study finance a shift in the households’ income generating activities, from agriculture 

to business. 

 

Chapter 4 studies a retrospective impact evaluation of a microcredit program implemented by a 

Ghanaian MFI. I apply a mixed methods approach, consisting of a propensity score matching 

approach and a double difference model, where pre-intervention data is constructed using recall. The 

findings complements recent experimental research on the impact of microcredit. That is, we observe 
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minor short-run impacts of the provision of microcredit. In an attempt to explain the results of the 

impact evaluation, chapter 4 investigates the effect of socially desirable behaviour on the reported 

loan use of the household’s microfinance loan. I find that almost 50 per cent of the microfinance 

members did not spent their loan proceeds productively but rather on consumption items. Thus, the 

results reveal a discrepancy between the respondent’s survey response and their actions, therefore 

providing a possible explanation of the observed minor impacts of microcredit provision. 

 

In chapter 5, I zoom in on the individual level, investigating farmers’ perceptions regarding the 

importance of Farmers’ Markets Organizations in rural Ethiopia. The Farmers’ Market Organizations 

under study are considered to be market-oriented cooperatives, linking farmers to the outside market. 

I test the influence of social desirability and opportunism using a list experiment. Our results support 

our argument that farmers may feel social and/or opportunistic pressure to express positive opinions 

concerning the Farmers’ Market Organizations. The revealed actions are thus not in line with the 

opinion they express when asked directly about their perceptions regarding the Farmers’ Market 

Organizations. Additionally, the list experiment method enables us to distinguish various 

characteristics. Specifically, I investigate differences in the response bias between members versus 

non-members, and supporters (believers) versus non-believers, finding a greater bias among 

supporters.  
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Samenvatting 

In dit proefschrift onderzoek ik niet-experimentele technieken om causale claims te maken, biases te 

bestuderen, en aan te tonen hoe niet-experimentele methoden bias kunnen verminderen. Hiermee 

benadruk ik het voortdurend belang van niet-experimentele onderzoeksontwerpen en de verbetering 

hiervan, als een fundamenteel alternatief voor gerandomiseerde onderzoeksontwerpen. Ik presenteer 

bewijs uit verschillende impactstudies en zoom geleidelijk in vanuit macroniveau naar het individuele 

niveau. In hoofdstuk 1 introduceer ik de begrippen bias en bias vermindering, en presenteer ik een 

overzicht van de methodologieën en onderzoeksvragen die de lezer door de kernhoofdstukken van 

dit proefschrift leiden. 

 

Hoofdstuk 2 begint op het macroniveau en analyseert of privatiseringen in de financiering van de 

gezondheidszorg de totale zorguitgaven in geavanceerde economieën inperkt. Met behulp van een 

propensity score matching methode, vinden we dat privatiseringen in gezondheidszorgfinanciering 

leiden tot kostenbesparingen in de totale zorguitgaven in onze steekproef van 20 OESO-landen. De 

resultaten wijzen op een jaarlijkse kostenbesparing van 0,09 procentpunt van het bbp per jaar. 

Opgeteld betekent dit dat over een periode van 5 jaar na privatisering ongeveer 0,45 procentpunten 

van het bbp zijn bespaard. De resultaten tonen ook aan dat zorgkostenbesparingen groot zijn in het 

begin van de periode na de hervorming, maar daarna geleidelijk afzwakken tot een nuleffect na vijf 

jaar. 

 

In hoofdstuk 3 zoom ik in op het niveau van huishoudens, en evalueren we de impact van 

microkredieten van een Boliviaans microfinancieringsinstelling (MFI) in twee verschillende regio's 

in Bolivia. Ik kan het causale effect van de microkredieten identificeren, met behulp van een double 

difference model in space. De resultaten wijzen op grote verschillen tussen de twee regio's: de eerste 

regio laat weinig of geen impact zien, terwijl in de tweede regio significante effecten werden 

gevonden op meerdere uitkomstindicatoren. De waargenomen effecten in het tweede gebied zijn 

zowel negatief als positief. Negatieve effecten zijn er voor de landbouwresultaten en positieve 

effecten zijn waargenomen voor de bedrijfsresultaten. In combinatie met de verschuiving die we zien 

in de bron van inkomsten van huishoudens, suggereren deze effecten dat de door de bestudeerde MFI 

verstrekte kredieten een verschuiving financieren in de inkomsten genererende activiteiten, van 

landbouw naar bedrijfsvoering. 
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Hoofdstuk 4 bestudeert een retrospectieve impactevaluatie van een microkredietprogramma 

geïmplementeerd door Ghanese microfinancieringsinstellingen (MFIs). Ik maak gebruik van een 

mixed methods-benadering, bestaande uit een propensity score matching benadering en een double 

difference model, waarbij pre-interventiegegevens werden geconstrueerd met behulp van recall. De 

resultaten vormen een aanvulling op recent experimenteel onderzoek naar de impact van 

microkredieten. Dat wil zeggen, Ik vind beperkte korte-termijn effecten van 

microkredietverstrekking. In een poging de resultaten van de impactevaluatie te duiden, wordt in 

hoofdstuk 4 het effect onderzocht van sociaal wenselijk gedrag op het gerapporteerde gebruik van de 

microkredieten van het huishouden. We vinden dat bijna 50 procent van de microfinancieringsleden 

hun leenbedrag niet productief hebben ingezet maar in plaats daarvan aan consumptieartikelen 

besteedden. De resultaten laten dus een discrepantie zien tussen de enquête respons en het 

daadwerkelijke gedrag van de respondent, en geven daarom een mogelijke verklaring voor de 

beperkte effecten van microkredietverstrekking. 

 

In hoofdstuk 5 zoom ik in op het individuele niveau en onderzoek de percepties van boeren over het 

belang van boerenmarktenorganisaties op het platteland van Ethiopië. De onderzochte 

boerenmarktenorganisaties worden beschouwd als marktgerichte coöperaties die landbouwers 

verbinden met de externe markt. Ik test de invloed van sociale wenselijkheid en opportunisme met 

behulp van een list experiment. Onze resultaten ondersteunen onze stelling dat boeren mogelijk 

sociale en/of opportunistische druk voelen om positieve meningen te uiten over de 

boerenmarktenorganisatie. De geopenbaarde acties komen dus niet overeen met de mening die ze 

uiten als ze rechtstreeks gevraagd worden naar hun percepties met betrekking tot de 

boerenmarktenorganisatie. Daarnaast kan ik met de list experiment methode verschillende kenmerken 

onderscheiden. Ik onderzoek met name verschillen in de responsbias tussen leden versus niet-leden 

en supporters (gelovers) versus niet-gelovers, en vinden een grotere bias onder de supporters. 
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