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INTRODUCTION
Since the 1990s, global poverty declined substantially. Yet, despite remarkable progress,

significant challenges remain. As of 2022, 9% of the world’s population, or 712 million people,
still live in extreme poverty (World Bank, 2024a). Global crises such as the COVID-19
pandemic and geopolitical conflicts have hindered progress and led to an increase in the
number of people living in poverty for the first time in decades (World Bank, 2022).
Additionally, over three billion people reside in countries highly vulnerable to climate change,
the majority in the Global South (IPCC, 2023). These people are most at risk from the impacts
of a changing climate, because adaptation and mitigation are challenging when resources are
lacking. Taken together, these challenges underscore the need for effective policies to alleviate

poverty.

In my dissertation, I combine topical contributions on microfinance and energy access, two
prevalent poverty alleviation policies, with methodological contributions on how empirical
economics research can contribute to effective policymaking. Chapter 1 reviews the existing
experimental evidence on microfinance. We use this deep literature to highlight challenges in
generalizing from empirical research. Chapter 2 and 3 provide empirical insights on the energy
access-poverty nexus. We study the long-term adoption of grid electrification and evaluate
whether productive use can foster adoption and impact. Chapter 4 addresses data quality, an
essential yet often overlooked element in research and policymaking. This introduction
provides a general overview on microfinance, energy access, and methodological critiques on

common practices in empirical economics research.

Microfinance: Much said, but what have we learned?

Microfinance, typically defined as providing small loans to poor people without access to
conventional banking services, has become a popular development intervention. The hopes
for microfinance as a silver bullet for poverty alleviation were set high by the initial advocates.
Proponents argued that a lack of access to formal financial services is a critical reason for why
people in the global South remain poor. In line with influential economic theory (see e.g.,
Armendariz & Morduch, 2010), microfinance loans could offer the potential to unlock their
productive capacities (Yunus, 2016). Microfinance was also praised as a novel mode of
development intervention, where market mechanisms instead of governments are used to

deliver poverty alleviation, simultaneously reaching social goals and financial sustainability
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(Conning & Morduch, 2011). Today, approximately 140 million people worldwide have access

to microfinance (Convergences, 2019).

Microfinance attracted a lot of attention from researchers and became one of the flagship topics
of the randomization movement (Cai et al., 2021, 2023; Duflo, 2020), starting off with an
influential special issue in the American Economic Journal: Applied Economics that did not show
transformative impacts on people’s lives (Banerjee et al., 2015). Yet, since the special issue, the
literature evolved further, and a second generation of studies shows how tweaks to the

flagship microfinance model can increase impact (see Cai et al., 2023 for an overview).

Chapter 1 reviews the rich experimental microfinance literature to show that decades after the
beginning of the microfinance movement, we have learned very little about its impact. Even
though the microfinance literature is deep, each study looks at a different microfinance
intervention, making it challenging to draw generalized conclusions about the overall impact
of microfinance. Our study complements a set of papers that assess the generalizability of
findings in the microfinance literature, but our focus is on the treatment-side (Allcott, 2015;
Bédécarrats et al., 2020; Meager, 2019, 2022; Morduch, 2020; Pritchett & Sandefur, 2015; Vivalt,
2020; Wydick, 2016).

Energy Access: From high ambitions to impact?

Energy access is at the forefront of development policy. By 2030, the United Nations aim to
achieve “access to affordable, reliable, sustainable, and modern energy for all” (SDG7; United
Nations, 2015). The Sustainable Energy for All initiative brings together various stakeholders
to support this goal (SE4All 2015). Just recently, the World Bank and the African Development
Bank pledged over 30 billion dollars to connect 300 million people to electricity by 2030, further
accelerating progress towards SDG7 (World Bank, 2024b). Yet, despite these efforts, 685
million people still lack access to electricity, with over 70% residing in rural areas in Sub-
Saharan Africa (IEA et al., 2024). Connecting these people is increasingly challenging, as efforts

must now focus on more remote and lower-income populations (IEA et al., 2022).

The current policy focus on energy access is based on the widespread belief that it induces
employment and economic growth. At the macro level, there is indeed a strong correlation
between energy access and economic development (Burke et al., 2018). Yet, at a micro level,

the evidence on the socio-economic impacts of rural electrification is inconclusive. The existing
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literature is broadly divided along two major lines. First, methodologically, impact evaluations
more often document null results compared to quasi-experimental studies relying on
instrumental variables or observational studies (Bayer et al., 2020; Lee et al., 2020a). Second,
geographically, positive effects are more often documented in Asia and Latin-America while
there is little indication for positive effects in Sub-Saharan Africa (Bos et al., 2018; Hamburger
etal., 2019; Peters & Sievert, 2016). Recent impact evaluations in Sub-Saharan Africa document
limited adoption at the extensive and intensive margin, and hence limited impacts on
economic development (Bernard, 2012; Chaplin et al., 2017; Lee et al., 2020b; Lenz et al., 2017;
Peters et al., 2011; Schmidt & Moradi, 2022).

A common critique on these evaluations is that they focus too much on the short term. Impacts
may take longer than two to three years to materialize (Lee et al., 2020a). Chapter 2 explores
the long-term adoption of grid electrification in rural Rwanda. We find that the short-term
verdict of low adoption persists, even up to ten years after communities got connected to the
grid. The findings indicate that simply connecting communities does not automatically lead
to universal household connection, electricity consumption and appliance usage, even in the

long term.

The adoption question is important for the debate on how to best achieve universal access.
Extending the electricity grid is still the dominating strategy in many national electrification
plans in Sub-Saharan African countries (IEA, 2022), often based on the assumption that it
mediates better development potential in the long term. However, the low long-term adoption,
high investment costs and significant opportunity costs suggest a need to carefully consider

when grid-based electrification is preferred over off-grid technologies.

Furthermore, detailed mechanisms for the limited electricity consumption post-connection
have rarely been studied rigorously (Lee et al., 2020a). In Chapter 3, we test the theoretical
prediction that productive use of electricity is the mechanism needed to unlock the impact
potential of electrification. We evaluate the impact of a Rwandan government program that
injects a large amount of money into rural communities in the form of productive electric
appliances. Our paper is close to Fetter & Usmani (2024) who study the labor market impacts
of the Indian rural electrification program to show that the benefits of electrification may

indeed be closely tied to the productive use potential.



Beyond internal validity: construct validity, descriptive insights, data quality and research
transparency

In the last two decades, empirical economics experienced a shift from model-based work to
design-based approaches to causal inference, driven by the credibility revolution (Angrist &
Pischke, 2010; Card, 2022). The claim is that such design-based approaches enhance the

credibility of causal identification, thereby increasing policy relevance and academic impact.

Within the paradigm, Randomized Controlled Trials (RCTs) gained a gold standard status due
to their ability to attain high internal validity (Banerjee & Duflo, 2009; Cartwright, 2010). The
significance of RCTs is reflected in the 2019 Nobel Prize in Economics that was awarded to
three leading development economists for their “experimental approach to alleviating global
poverty, which has transformed development economics” (Nobel Prize Committee, 2019). The
dominance of RCTs is also evident in the work of prominent organizations such as the Abdul
Latif Jameel Poverty Action Lab (J-PAL) and Innovations for Poverty Action (IPA) conducting
over one hundred RCTs each year, and the increasing number of RCTs published in top-five
journals and working paper series (Banerjee et al., 2020; Currie et al., 2020; Ravallion, 2020).
The claim is that RCTs will identify effective interventions that can be scaled into policy (Duflo,

2004; Duflo & Kremer, 2005).

Yet, evidence-based policy cannot solely rely on a prioritization of high internal validity. It
also requires, among others, construct validity, a profound understanding of topic and context,
high-quality data and research transparency. I explore these topics in several chapters of my

dissertation.

First, the focus of the paper in Chapter 1 is on construct validity, a dimension of the
generalizability discussion that is relatively unknown in economics. Critics of the RCT
movement often argue that the high internal validity comes at the expense of limited
generalizability (Allcott, 2015; Cartwright, 2002; Deaton & Cartwright, 2018; Diener et al., 2022;
Peters et al., 2018; Pritchett & Sandefur, 2015; Sekhar & Thapa, 2024; Vivalt, 2020). Recent
evidence shows that studies often do not scale beyond their particular setting (Andor et al.,
2020; Bold et al., 2018; Kerwin & Thornton, 2021; List, 2024; Usmani et al., 2022). Building upon
work by Shadish et al. (2002) and Esterling et al. (2023), Chapter 1 highlights the importance
of construct validity. Our literature review of the experimental microfinance literature shows

that microfinance, just like most other development interventions, consists of many “design
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elements”, features of the intervention that may matter for the impact found. We find that
papers generalize boldly beyond the treatment as it operationalized in the RCT, and rarely
discuss the assumptions for such a generalization. Our findings highlight the need to be

sensitive for the concept of construct validity.

Second, enhancing development effectiveness needs a profound understanding of the topic
and context, which requires creativity in the researchers’” toolkit (Ravallion, 2020). Currently,
most RCTs focus on development interventions that produce immediate results, with limited
evidence available on the long-term impacts of programs (Bouguen et al., 2019; Ravallion,
2009). In Chapter 2, we revisit communities up to ten years after they got connected to the grid.
We thereby follow up on an earlier impact evaluation, focusing particularly on indicators
where no short-term impacts were observed (Lenz et al, 2017). However, because all
communities in our sample were connected by the time of the long-term follow-up, our study
is descriptive. Gerring (2012) argues that the emphasis on causation has led to an
undervaluation of mere description. Indeed, despite the absence of a non-electrified control
group, our findings can address an important policy question: what is the adoption of grid

electricity over time?

Third, Chapter 4 addresses an essential yet often overlooked topic: data quality. Data is the
foundation of all empirical work. Ensuring we have high quality data and understanding how
to collect it, is crucial for the validity and reliability of empirical research. Additionally,
household surveys are key instruments for guiding and evaluating policy. Seemingly minor
survey design decisions, such as who to survey or what to ask, can have substantial
implications, affecting conclusions from econometric analyses and key stylized facts of
development (De Weerdt et al., 2020). Very little guidance on survey design choices and their
implications is available, with the guiding textbooks on household survey design being
decades old (Grosh et al., 2000; Sudman & Bradburn, 1974). Only more recently, development
economists started exploring survey mode effects, enumerator effects and respondent effects
(see for example Beegle et al., 2024; Carletto et al., 2021; De Weerdt et al., 2020; McKenzie &

Rosenzweig, 2012).

Chapter 4 presents experimental evidence from large-scale survey experiments in Uganda and

Paraguay on the sensitivity of household income and consumption, two key welfare measures,
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to respondent selection. We investigate discrepancies between three common methods of
respondent selection; Surveying one knowledgeable household member only, two spouses
together or two spouses separately (Carletto et al., 2022; Desiere & Costa, 2019; McKay, 2000).
Each selection method may influence data accuracy, tracking rates and survey costs. Our
findings highlight the need to think about respondent selection carefully, especially when data
is used for poverty analysis or program targeting. For researchers, our findings indicate that,
at the very least, we should try to maintain consistency across treatment arms and be clear

about how respondents were selected.

Finally, practices like publication bias and p-hacking endanger the credibility of empirical
research (Brodeur et al., 2023). Pre-analysis plans — public documents that outline the main
hypotheses, estimation approach and outcome variables — are championed as a way to reduce
those concerns (Brodeur et al., 2024; Ofosu & Posner, 2023). To ensure the credibility and
transparency of my own work, the papers in Chapter 2, 3 and 4 are all accompanied by a pre-
analysis plan that was set-up before commencing endline data collection. The paper in Chapter

1 is accompanied by a meticulous protocol that transparently describes the coding approach.
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CHAPTER 1

Lost in the Design Space? Construct Validity in the Microfinance

Literature

With Christina Petrik & Jorg Ankel-Peters,

While results from individual Randomized Controlled Trials (RCTs)
often do not hold beyond their setting, the accumulation of many RCTs
can be used to guide policy. But how many studies are required to
confidently generalize? Our paper examines construct validity, an often
neglected yet important element affecting generalizability. Construct
validity deals with how the operationalization of a treatment
corresponds to the broader construct it intends to speak to. The universe
of potential operationalizations is referred to as the design space. As an
empirical example, we review 45 microfinance RCTs to estimate the size
of the design space and to underpin that variations in the treatment
operationalization matter for the observed effects. We also show that
most papers nevertheless generalize from the operationalized treatment
to a broad construct, mostly without acknowledging underlying
assumptions, and many lack a transparent reporting of construct
validity-relevant features.

Keywords: causal inference, generalizability, meta-science, microfinance



1. Introduction

Randomized Controlled Trials (RCTs) gained a prominent role in the credibility revolution
due to their high internal validity when drawing causal claims (Angrist & Pischke, 2010).
Critics argue that this high internal validity often comes at the expense of limited
generalizability of results due to small sample sizes and controlled environments (Allcott,
2015; Banerjee et al., 2017; Cartwright, 2002; Deaton & Cartwright, 2018; Dehejia et al., 2021;
Diener et al., 2022; Peters et al., 2018; Pritchett & Sandefur, 2015; Sekhar & Thapa, 2024; Usmani
et al., 2022). The concern is that results do not scale beyond the particular setting (see e.g.,
Andor et al., 2020; Bold et al., 2018; Gechter, 2024; Kerwin & Thornton, 2021; List, 2024; Usmani
et al., 2022). According to Duflo (2020), this is a misconception since “each experiment is like a
dot on a pointillist painting: on its own it does not mean much, but the accumulation of experimental
results eventually paints a picture that helps make sense of the world, and guide policy” (Duflo, 2020,
p- 443).

Yet, how many dots are needed to conclude what the painting says? This paper contributes to
this question by focussing on construct validity. While external validity refers to sample- and
population-related features affecting the generalizability to other settings (Duflo et al., 2008;
Peters et al., 2018), construct validity refers to treatment-related features (Cook & Campbell,
1979; Esterling et al., 2023; Nadel & Pritchett, 2016; Shadish et al., 2002). For construct validity
to be high, the operationalized treatment should correspond to the construct of interest —
which could be a policy instrument or a theoretical concept. Neglecting external validity and
construct validity “results in a substantial inferential gap” (Esterling et al. 2023, p.2), that is, a

paper’s implication for policy or theory remains unclear.

In this paper, we start by a simple conceptual framework to introduce the terminology related
to construct validity and carve out how it differs from external validity. In our empirical part,
we study construct validity in the microfinance (henceforth MF) literature, which is
particularly rich in RCTs. We let this literature guide us in mapping the universe of potential
MF intervention designs — what we call the design space. We demonstrate the large scope of
the MF design space. Furthermore, we show that there is little awareness for how construct
validity matters. One RCT in the MF literature operationalizes specific MF treatment(s), while

the causal claim often refers to the monolithic, general construct MF.
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MF is one of the flagship topics of the randomization movement (Cai et al., 2021, 2023; Duflo,
2020), marked by an influential special issue covering six RCTs published in the American
Economic Journal: Applied Economics in 2015. In the editorial paper, Banerjee et al. (2015) contend
in this special issue that the “collective spanning of contextual, social, and market environments,
[lends] external validity to their results, especially given the consistent pattern of findings” (Banerjee
et al., 2015, p. 2). Others, however, raise questions about the generalizability of these papers
because the programs target marginal borrowers (Morduch, 2020), are implemented with
distinct MF institutions (Allcott, 2015) in idiosyncratic contexts (Morduch, 2020; Pritchett &
Sandefur, 2015; Wydick, 2016), or rely on intense researcher involvement (Bédécarrats et al.,
2020). Vivalt (2020) diagnoses limited external validity in the experimental and non-
experimental MF literature, including three of the six special issue RCTs, using Bayesian
Hierarchical Modelling. In contrast, Meager (2019) concludes that the special issue RCTs have
reasonable external validity. Gechter & Meager (2022) confirm this positive verdict based on a
broader sample of observational and experimental MF studies, by developing a model to
correct for site selection bias in RCTs. We build on these reviews but focus systematically on
the operationalized treatment — and hence construct validity — rather than the particularities
of the studied population." We also push further by including the more recent experimental

MEF literature.

Moreover, our paper builds on the recent VoxDevLits (Cai et al., 2021, 2023) which suggest
that variations in treatment operationalization may matter for the observed treatment effects.
We zoom into these variations systematically and thereby deepen the understanding of the
MF literature. Our main contribution, though, is to emphasize the importance of construct
validity for creating generalizable and policy-relevant knowledge. While renowned in other
disciplines, the concept of construct validity is not mainstreamed in economics and hardly

discussed explicitly.? Exceptions are Nadel & Pritchett (2016) and Pritchett & Sandefur (2015)

1 Both Vivalt (2020) and Meager (2019) acknowledge that variations in MF intervention design across studies
might lead to differences in the estimated treatment effect. They also show that some design elements explain
part of the cross-site variation in results. Yet, they do not discuss construct validity explicitly and rather consider
treatment-related features as external validity.

2 We reviewed influential economic textbooks (Angrist & Pischke, 2009; Wooldridge, 2013) as well as the
handbook by Banerjee & Duflo (2017) to check if they refer to construct validity. None of these books have an
index entry for “construct validity” or, according to a word search, mention the term throughout the book. Angrist
& Pischke (2009) and Banerjee & Duflo (2017) have index entries for external validity.
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who claim that RCTs have generated little generalizable knowledge about broad classes of

programs, largely based on construct validity concerns.

We proceed in three parts. Building on the foundational work in Esterling et al. (2023) and
Shadish et al. (2002), we first provide a simple conceptual framework to clarify terminology
and how construct validity differs from the more established concept of external validity. With
this, we demonstrate the need for an explicit and precise description of the operationalized

treatment in a paper and the broader construct it intends to speak to.

In the second part, we use the experimental MF literature as an empirical example. Based on
a systematic search, we identified 45 RCT-based papers in the economics literature. From these
papers, we elicited 21 key features of an MF treatment, which we call design elements (e.g.,
‘repayment frequency’ or ‘interest rate’). Next, we specified potential dimensions for each design
element (e.g., monthly and other repayment frequency, hence two dimensions) and show that
these 21 elements already result in over two million combinations, and thus potential MF
operationalizations, which is the MF design space. We also demonstrate that variations in the
treatment operationalization matter for the treatment effect by looking at those papers in our
sample that randomly vary a design element. Not all two million combinations will matter,
but nevertheless our findings suggest that the “pointillist painting” (Duflo, 2020) is very hard

to compile — and it certainly does not emerge naturally by simply accumulating evidence.

In the third part, we review the 45 papers with respect to how the authors discuss construct
validity related features and whether they generalize to broader constructs. We show that
researcher involvement in the delivery of the treatment (referred to as “researcher special
care”, see Peters et al.,, 2018) is rarely discussed. Researcher special care is part of how
effectively the treatment is being delivered — and it is arguably not part of a scaled version of
the intervention without researcher involvement (see also Bédécarrats et al. (2020) for a
discussion of researcher special care in one of the special issue RCTs). We then document that
many papers generalize beyond the specific treatment under study. Policy recommendations
are usually made for a much more general MF construct and not just for the specific
operationalized treatment. This type of generalizing is problematic not only for how priors are
formed in the academic community about what the literature says, but also for experts and
decision makers who want to use the existing evidence for policy making. While our focus is
on RCTs because of their prominent role in the credibility revolution and because of their
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controlled nature which may induce researcher special care, our conceptual framework and

findings are generally transferable to other identification strategies.

We conclude by calling for a clearer reporting of results in papers with respect to the treatment
operationalization and a clearer description of the construct the paper aims to speak to. A
related take-away is to target studies more on local learning, akin to the “proof of concept to a
scalable policy” approach in Banerjee et al. (2017; see as well Samii, 2020), where results only
speak to improvements of the intervention under evaluation. Not least, for global learning we
propose that more work needs to be done to improve the construct validity of literatures like
the one on MF. This likely requires more foundation in theory, but maybe also a broader
methodological toolkit encompassing qualitative methods and the systematic use of expertise

and expert knowledge.

2. Conceptual framework

2.1 Causality and validity revisited

We present a simple conceptual framework to outline the relevance of construct validity for
economics and how it differs from the more established concept of external validity.? Figure 1,
Panel A illustrates graphically how potential outcome methods including RCTs establish
causality, using directed acyclic graphs (DAGs). Z is the random assignment mechanism, A, B
and C represent the variables as operationalized in the RCT. The causal pathway runs from Z
via A, the operationalized treatment, to B, the measured outcome, observed in the study
population C. The focus is typically on internal validity, that is, the identification assumptions,
represented by the arrows from Z via A to B. The role of the study population, that is, the

causal link from C to A and from C to B is usually unobserved, hence the dashed arrows.

In most applied research, researchers are not merely interested in the operationalized
variables. Typically, the interest is to understand causal relationships between broader
constructs. This is reflected in the right DAG. The Greek letters represent these broader
constructs: the treatment «a, the outcome f and the population y. In our example, « is the more

general construct MF, while the operationalized treatment A is a specific MF treatment, for

3 This chapter builds on the work by Shadish et al. (2002), revising earlier work by Campbell & Stanley (1973) and
Cook & Campbell (1979), the framework for causal specification developed by Esterling et al. (2023), and the
graphical presentation by Matthay & Glymour (2020).
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example the Grameen-bank model with certain design dimensions such as monthly
repayment and group lending. The operationalized outcome B could be monthly income,
which often represents a broader construct like economic wellbeing. The specific population
C is the study population, for example borrowers in Western Kenya, while y is the policy

population for which inference is made, for example Sub-Saharan Africa.

Claiming external validity requires that the observed link between A and B not only holds in
the study population C, but also for the policy population y. Construct validity pertains to
how well the operationalized treatment A represents the construct a.*

Figure 1: Causality and inference in RCTs

Panel A: Causal model used in RCTs

0 ° ° A
ANNAN P
g
t’l
g
.
,

The operational level: Using random assignment (Z),  The level of inference: How the treatment construct
one RCT estimates the impact of an operationalized (a) affects the outcome (B) for population (y).
treatment (A) on a measured outcome (B) in a study

population (C).

Panel B: Hazards to construct validity

The design space: Multiple operationalizations (A1 to  Operationalized treatment Aicontains di to d,,

An) of a exist, with treatment effects ti to tn on f. design elements. di to dj are part of a, dy, is not (e.g.
researcher special care).

4 We focus on the link between A and a, or construct validity of the cause, as opposed to construct validity of

the outcome, captured by how well B reflects 8 (Cook & Campbell, 1979).
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Figure 1, Panel B outlines two threats to construct validity which we explore in more detail in
this paper. The first hazard to construct validity is overgeneralization. The left DAG shows the
universe of operationalizations (A: to Ax) of a that exist, i.e., the design space. The broader «
is defined, the higher the number of potential operationalizations (n) is, and hence the larger
the design space. A single operationalized treatment (Ai) only represents one out of many

potential operationalizations (Ax) of @ and thereby underrepresents the construct of interest.

The right DAG zooms into one operationalized treatment in paper i; Aiis a bundle of design
elements d; to dj. These design elements are treatment features that may or may not matter
for the estimated treatment effects. Since Aiis studied as a bundle, the isolated impact of each
individual design element is unobserved (represented by dashed arrows). Some papers vary
one design element across different treatment arms with the intention to determine its
treatment effect. However, this design element can only be isolated conditional on the bundle

of other design elements that are fixed across the treatment arms.

The right panel shows a second hazard to construct validity: The operationalized treatment Ai
may contain elements that are not part of a (dy). All design elements should be reflected in the
broader construct such that Z does not have a direct effect on the outcome of interest, other
than through a, represented by Ai. One example could be that the selection of a capable NGO
to run the RCT or the presence of the researchers in the implementation co-determine the
outcome f3, represented by B. There is emerging evidence showing that the way that RCTs are
implemented affects their treatment effects (Allcott, 2015; Angrist & Meager, 2023; Berge et al.,
2012; Bold et al.,, 2018; Cameron et al., 2019; Mo et al., 2020; Usmani et al., 2022; Vivalt,
2020).This would threaten construct validity as the construct of interest, «, typically is a scaled
intervention implemented by other entities and without the presence of researchers (Shadish
et al., 2002; Wilke & Humphreys, 2020). We refer to this as “researcher special care” (see Peters
et al. 2018).°

5 Hitherto, construct validity concerns, like special care, are often captured under external validity in economics.
Following Esterling et al. (2023) and Shadish et al. (2002) we consider special care here as part of how the
treatment is being delivered under real-world conditions, and hence, it affects the construct to which the results
are often generalized.

23



The conceptual framework in Figure 1 outlines the two parameters that researchers can
calibrate to establish construct validity: First, by operationalizing Ai in a way that comes as
close as possible to the construct a. Second, by narrowing the construct a the paper claims to
speak to. For example, an efficacy study or proof-of-concept that transparently describes how
researchers tweaked the treatment to ensure its effectiveness evidently does not speak to a
scaled version of the treatment. It rather reflects a heavily controlled version of a. If such an
efficacy study is presented as a scaled intervention a without explicitly discussing researcher

special care, construct validity is low.

2.2 Research questions

From the conceptual framework, we derive four research questions that we address in this
paper. First, how large is the MF design space? To gauge the design space (A1 to A» in Panel B,
Figure 1), we quantify how many design elements the construct MF can have based on the
papers in our review. We establish a conservative estimate by systematically extracting the MF
design elements that are — according to the authors — key to the operationalized treatment

under evaluation (Section 4.1).

Second, how much do variations in the treatment operationalization matter for the treatment
effects (i.e. the link between each Ai and f in Panel B, Figure 1)? For this, we extracted the
coefficients from the subset of papers in our sample that randomly vary design element(s) to

assess whether this changes the treatment effect (f: to t:) noticeably (Section 4.2).

Third, do the papers in our sample mention researcher special care (dy, Panel B, Figure 1)?
More specifically, we extracted whether the papers mention how the operationalized
treatment Ai was provided in demarcation to «, the potential scaled version of the program for

which the paper makes inference (Section 5.1).

Fourth, do papers generalize? We elicited whether researchers’ interpretation of their results
speak to the operationalized treatment Aionly or generalize to a broader construct «, and

whether papers justify or caution against generalizing to a broader construct (Section 5.2).

2.3 Epistemic approaches and their link to validity
The relevance of construct validity is a function of how (far) we infer general knowledge from

a given RCT. Therefore, construct validity depends on the epistemic approaches we use and
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the inferential ambition. We briefly present and discuss three epistemic approaches that are
prevailing in economics. The three approaches differ along two dimensions: the basis of the
inference (a single RCT or a growing literature) and the construct to which it inferentially

generalizes.

The first epistemic approach is the deductive model. Under this approach, researchers deduce
causal claims based on a single RCT (see Cartwright 2010, 2011). This is what many papers in
economics do, at least implicitly, by generalizing their findings to a much broader setting than
the one under evaluation (Peters et al., 2018). This approach is not per se a problem, but
researchers need to explicitly formulate assumptions, also regarding construct validity, to
draw a generalized conclusion (Esterling et al., 2023). Given these assumptions, the
generalized causal conclusion follows deductively. The broader the generalization, the
stronger the assumptions need to be. A special group of papers are those that use RCTs to
answer theory-driven questions, often by using a structural model to guide their empirical
analysis and to generalize from the empirical findings (Banerjee & Duflo, 2009; Bates &
Glennerster, 2017; Davis & Mobarak, 2020; Sekhar & Thapa, 2024). Yet, also in these cases,
construct validity should be considered to avoid a mismatch between the operationalized

treatment and the construct to which is generalized.

The second approach applies very narrow causal generalization. Here, a single RCT is used to
improve the future programming of the very same intervention it evaluates. Economists act as
cautious detail-oriented “plumbers” (Duflo, 2017) who tweak the intervention in a specific
setting to go from a “proof of concept to a scalable policy” (Banerjee et al., 2017). A paper under
this approach does not even strive for generalization to a broader construct a. Rather, it only
speaks to a very narrow construct that is fully represented in the operationalized treatment Ai.

Here, construct validity is inherently high.

The third approach is the inductive model. Here, evidence accumulates from an increasing
number of RCTs until a general picture emerges that allows for generalization (Angrist &
Pischke, 2010; Banerjee & Duflo, 2009; Cartwright, 2011; Duflo, 2020). This approach is
underlying Duflo’s (2020) “pointillist painting” allegory, but also typical meta-analytic
approaches as well as systematic reviews. The implicit expectation is that external and

construct validity ensue automatically from carrying out a large enough number of RCTs.
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Banerjee & Duflo (2009, p. 162) claim that “if we [...] carry out enough experiments in varied enough
locations, we could learn as much as we want to know about the distribution of the treatment effects
across sites”. Yet, these approaches also require sensitivity for construct validity to make the

results interpretable.

In all three approaches, construct validity requires a clear description of the treatment Ai and
a clear definition of the construct a. This clarity entails that researchers need to lay out the

assumptions under which inferences can be drawn from Ai to a.

3. Systematic Review

Our systematic literature review aims to depict the state of knowledge in economics vis-a-vis
MF as a general construct, that is, we want to ensure that we cover the important and seminal
papers. Our approach therefore relies on three sources (see Figure 2). First, we selected all
papers included in the two VoxDevLit reviews on MF (Cai et al., 2021, 2023). VoxDevLit
reviews are “living literature reviews” written by scholars with an influential track record on
the topic. They cover the well-known and most influential papers in the respective literature.®
Second, we conducted backward snowballing by going through the reference list of papers
cited in the VoxDevLit reviews. Third, we implemented a systematic search on EconLit and

Scopus. Appendix A details the search protocol.

For all three sources, we used the following eligibility criteria: 1) The paper randomizes some
version of an MF loan. We excluded quasi-experimental designs like difference-in-differences
as well as laboratory and lab-in-the-field experiments. 2) The paper takes place in a Lower- or
Middle-Income Country. 3) The paper looks at welfare impacts for borrowers, so not only loan
take-up, repayment rates, or take-up of specific assets bundled with the loan. 4) Beyond the
VoxDevLit reviews (from which all eligible papers according to criteria 1-3 were included), for
papers we retrieved through backward snowballing or EconLit and Scopus, we only included
papers published in an economics journal or economics working paper series, that is, no

preprints or papers from other disciplines. This resulted in a total sample of 45 papers (33

6 See https://voxdev.org/voxdevlit
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papers from VoxDevLit reviews, five more papers from backward snowballing, seven more

papers from EconLit and Scopus), listed in Appendix B.

The approach successfully achieved our objective to cover important and seminal papers: Out
of the 45 papers, 36 papers are published in peer-reviewed journals by August 2024; 30 in top-
50 journals or by an author from a top-50 economics departments, both according to
IDEAs/RePEc. The nine working papers are published in well-respected discussion paper

series (mostly in the NBER working paper series).

For our extraction of construct validity relevant information, we meticulously protocolled our
procedures. The protocol and extraction can be found in the Online Appendix.” Each paper in
our sample was read by two readers, including one of the authors and a research assistant.
Discrepancies between the entries and borderline cases were considered and resolved by the
three authors.

Figure 2: Paper selection protocol

VoxDevLit search Papers assessed

for eligibility —
(n = 220) { (n j’lzi)”

Remove duplicates

Papers included
(n = 33)

(n=97)
Backward Database
snowballing on search (EconLit
selected papers & Scopus)
(n = 1,448) (n = 78)
Remove duplicates Remove duplicates
(n = 598) and unavailable PDFs
- (n = 204)
Papers assessed Papers assessed
for eligibility for eligibility
(n = 850) (n = 544)

Final sample

(n = 45)

4. Results: The Design Space

4.1 Mapping the design space
We let the literature guide us in providing a quantified, lower-bound estimate for the extent
of the design space. For this, we identified the most important design elements from the 45
reviewed papers, using two approaches: First, 25 out of the 45 papers compare two or more
differences between the

MF treatment operationalizations and we extracted the

7 See https://osf.io/trxge/?view only=3b35832bebe7403f89b91393a356d009
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operationalizations as design elements. Second, we also elicited design elements that are
mentioned in a paper’s abstract or title, and thereby those that the respective paper’s authors
deem to be important. We created superordinate categories like ‘loan purpose’, ‘repayment
flexibility’, "plus component’ or ‘disbursement mode” into which we coded suitable design elements

irrespective of which terminology the papers use.

Using this approach, we identify 21 design elements that appear in at least one paper. In Figure
3, we group these 21 design elements into three broad categories: loan features, lender features,
and borrower features.® In total, the 45 papers provide 127 design elements, but several design
elements appear multiple times. Only one paper did not provide any design element, that is,
it generically speaks of MF in its abstract and title and does not vary design elements. The
number of extracted design elements elicited per paper otherwise ranges from one to seven.
The most common design element is ‘loan purpose’, which is randomly varied in three papers
and mentioned in the abstract or titles of 26 papers, since papers often refer to “business loans”
or “loans for farmers”. The most common elements that are randomly varied are ‘repayment

flexibility” and “plus component’ (eight papers each).

To gauge the size of the design space, we need to consider the dimensionality of each element,
which can take at least two different dimensions (e.g., group or individual liability), sometimes
many more (e.g., loan duration in years). Figure 3 lists the 21 design elements and the
dimensions per element. The design space of potential MF operationalizations consists of all
combinations of dimensions for each design element. As a conservative estimate for the design
space of an MF treatment we coded all 21 design elements binarily. Nevertheless, the number
of combinations would result in over two million unique MF operationalizations. The number
of potential operationalizations can be easily inflated further by defining the dimensions more
narrowly, as illustrated by the dimensions fanning out in Figure 3. Evidently, not all these
millions of operationalizations will differ in their effectiveness — but any generalization from
one specific operationalization needs to make assumptions about the stability of effects across

different operationalizations in the design space.

8 These categories illustrate the sometimes-blurred demarcation between construct and external validity. For
example, borrower features are part of construct validity when an MF product decidedly targets specific groups
exclusively. Borrower features fall under external validity when assessing the heterogeneity of treatment effects
across subgroups in the study population.
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Figure 3: Microfinance design space
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4.2 Do variations in the treatment operationalization matter?
The design space and its extensiveness are relevant if design element variations matter for the
treatment effects. To assess this, we cannot compare treatment effects across RCTs, since this
would confound differences in the population with variations in the treatment
operationalization. Thus, we look at papers that compare variations in the treatment
operationalization within one RCT, therefore keeping the population fixed. 25 papers in our
sample do this. In Figure 4, we pick two important outcomes, business profits and total
household income, as examples to illustrate the treatment effect of a variation in one design
element (henceforth: design variation effect). The design variation effects for some other

available outcomes can be found in Appendix D.

The design variation effects in Figure 4 for the two exemplary outcomes reflect the general
patterns in Appendix D: There is heterogeneity in the degree to which changing one design
element of an MF intervention matters. For both outcomes, around half of the estimated effects
are statistically significant at the 5% level, but some papers also reveal massive effects. The
mean and the median effect size in absolute terms as percent of the control mean is 35% (mean)
and 14% (median) for business profits and 19% (mean) and 9% (median) for household
income.

Figure 4: Design variation effects on two main outcomes

A. Business profits
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B. Household income

Study Design variation Qutcome
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Note: We grouped the papers based on their design variations and separated different design elements with grey dashed lines. We use the
Zero-Method to calculate the corresponding confidence intervals, since many papers do not report the standard deviations of the treatment
and/or control group. This method implicitly assumes that the variation of the control mean is zero, so the confidence intervals may be too
narrow (Feuerstein et al., 1997). Significance levels before and after applying the Zero-Method transformation are unaffected.

5. Results: Reporting on construct validity

Construct validity, just like external validity, hinges on the inference that is made using the
provided evidence. Simply put, bolder claims reduce construct validity, more cautious claims
increase construct validity. We therefore now examine the reporting and the interpretation in
the reviewed papers, that is, whether the RCTs in our review generalize to other MF constructs
and whether these inferential leaps are discussed by the authors. But first we note that most
reviewed papers reveal some awareness of the design space by at least mentioning most of the
21 design elements that emerged in our review (see Appendix C). We now check whether
papers also reveal sensitivity for what the existence of many design elements (hence, the
design space) might have for the inference papers make. More specifically, we asked each
paper a set of two general questions (implemented by two proxy questions respectively): Do

papers mention researcher special care? And do papers generalize to broader constructs?

It is important to note that we answered the questions conservatively, that is, when in doubt
we answered in favor of the paper, irrespective of whether we believe the discussion in the
paper is sufficient. Our approach might not do justice to each individual paper, but the overall
pattern is a fair representation of how papers in the MF literature generally deal with construct

validity.
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5.1 Do papers mention researcher special care?
Table 1, first, presents the results related to researcher special care in treatment provision. We
worked through two proxy questions, since we did not expect the papers to explicitly discuss
and use the term ‘researcher special care’. The results suggest that not much attention is
dedicated to researcher special care in the reporting. Only 9% of papers mention how their
randomized treatment was provided in demarcation to a potential scaled version of the
intervention (question 1). We coded this question as “yes” as soon as the paper makes a brief
statement about whether the implementation in their RCTs might differ from the potential
scaled version, irrespective of the discussion’s comprehensiveness or plausibility. Next,
around 60% of papers mention researcher involvement in the design or implementation of the
intervention (question 2). Arguably the most construct validity-relevant of these two
dimensions is researcher involvement in the implementation; 36% of the papers mention this

(not shown in Table 1).

Table 1: Reporting on researcher special care and generalizability

Question Answer is yes (in percent)

Researcher special care: Does the paper

1. mention how the randomized treatment was provided in 9
demarcation to a scaled version of the intervention?

2. mention researcher involvement in the design or implementation of
the randomized treatment? 60

Generalizability: Does the paper

3. generalize to a broader construct? 82
4. generalize to a broader construct without mentioning limitations? * 65
5. not generalize to a broader construct or generalize but mention 47

limitations or assumptions for such a generalization?

Note: * indicates that question 4 only applies to those papers that explicitly generalize to a broader construct.

5.2 Do papers generalize?
In this section, we examine whether papers make conclusions or recommendations for a
construct broader than the operationalized treatment. As shown in Table 1, 82% of papers do
this (question 3). 54% of the papers that generalize refer to the most general construct MF. The
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remaining papers generalize to a construct that is broader than the operationalized treatment,
but narrower than MF (e.g. “microfinance with repayment flexibility”). Among all papers that
generalize, 65% do not mention potential limitations for the generalization (question 4). As
soon as the paper mentions any limitation to the generalization, we assigned a “yes”, again,
irrespective of the discussion’s comprehensiveness or plausibility. Question 5 indicates that
47% of the papers either do not generalize to a broader construct or mention limitations or
assumptions for the generalization. These papers can thus be considered cautious with respect
to construct validity. Given our generous coding it seems safe to conclude that the remaining

papers do not show sensitivity for construct validity in how they report and interpret findings.

6. Conclusion

The main aim of this paper is to sensitize economists for the concept of construct validity. We
have used the RCT-based literature on the impacts of MF to showcase the concept’s relevance
in economics and to provide evidence for a lack of awareness for features pertinent to construct
validity. Our first finding, a very large design space of MF interventions where different
treatment operationalizations can have different treatment effects, is probably
uncontroversial. The existing systematic reviews and many scholars in the MF community
agree with that. In fact, several of the RCTs included in our review were presumably
conducted to contribute to a better understanding of this very design space. But we also show
that despite this tacit knowledge, there is a lack of sensitivity in how results are being reported.
The readers are often left in the dark about the different construct validity relevant features.
While we use MF as an empirical example because of its rich experimental literature, we argue
it is representative for other literatures in economics vis a vis the practice of generalized
conclusions and the complexity of the design space (see for example Blair et al. (2021b) on
community policing, Pritchett et al. (2013) on conditional cash transfers and Reidpath et al.

(2022) on WASH interventions).

One of our main contributions therefore is to make the relevance of construct validity for
generalization salient. Without more awareness, policy-oriented learning will always be
hampered by the complexity of the constructs. Three responses to our diagnosis emerge: first,

more transparent and explicit reporting, second, more humility in terms of generalization and,
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third, a better conceptual understanding of how individual papers with specific

operationalized treatments might speak to a more general construct.

The first response is straightforward: more transparent reporting. This speaks to the deductive
epistemic model outlined in Section 2.3, which calls for making assumptions more explicit. We
offer a checklist in Appendix E on minimal features of external and construct validity that
authors should report to ensure that readers can assess the validity of their RCT (see also
Cavanagh et al., 2023; Simons et al., 2017). Second, less generalizing and more caution in how
individual paper results are reported — automatically — increases construct validity. For
example, RCTs can be used to merely improve the future programing of the same intervention,
without generalizing to broader constructs (the narrow causal generalization epistemic model,
see Section 2.3). If that was done explicitly, construct validity would be inherently high. This
is akin to Duflo’s (2017) proposal of “economists as plumbers” as well as the idea of adaptive
field experiments (see, for example, Banerjee et al., 2017; Caria et al., 2024; Pritchett et al., 2013).
Elements of such local learning approaches can also be found in the nascent field of
implementation science (Allotey et al., 2008, Damschroder, 2020; Durlak & DuPre, 2008;

Ferraro et al., 2023). However, this concept does not satisfy ambitions for global learning.

For global learning (i.e., the inductive epistemic model outlined in Section 2.3), a third and
more ambitious response is needed. In fact, the task of developing conceptual responses to
enhance the construct validity of individual papers and entire literatures is challenging. Many
of the RCTs in our sample will, implicitly, conceive themselves as conceptual replications of
previous MF papers. Yet, it is unclear how exactly the specific RCT contributes to a better
understanding of the more general construct. Framing papers more explicitly as conceptual
replications might help. It entails the necessity for authors to clearly develop a theoretical link
to the existing literature, making explicit which parts of the design space are being explored —
including a clear denomination of which aspects authors expect to generalize and which not.
Since not only design elements vary in a new RCT but also the population, it will require a
much larger number of RCTs to get hold of what is driving the effects than even the RCT-rich
literature on MF has to offer. More foundation in theory is required (Basu, 2014; Wilke &
Humphreys, 2020), and meta-analyses with sensitivity for external and construct validity can

help (Egami & Lee, 2024; Slough & Tyson, 2023) as well as coordinated replication efforts like
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the Metaketa project (e.g.,, Dunning et al.,, 2019; Blair & McClendon, 2021). But perhaps
economists also need to embrace a broader methodological toolkit including qualitative
methods (Esterling et al., 2023; Humphreys & Jacobs, 2023) and systematic use of expertise and

expert knowledge (Collins, 2004).
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Appendix Chapter 1
A. Systematic literature search

We conducted a systematic search on EconLit and Scopus to extend the study sample and to
ensure that we do not capture a very narrow part of the MF literature by focusing only on the
VoxDevLits. We searched in the Scopus and EconLit databases because both are open access
or available to one of the authors through their institution, allow for Boolean search with

sufficiently long strings, and support the export of the citation lists in bulk.

To develop our search terms for the subsequent database search, we used the first two
eligibility criteria: 1) The paper is an RCT of an MF intervention that offers a loan to (potential)
borrowers, and 2) The paper takes place in a Lower- or Middle-Income Country. These
selection criteria are the only ones that can be indexed well with keywords. We refined the
search terms after a first trial, by checking whether the search keywords captured most of our

papers included through the VoxDevLit.

Table Al below presents the search terms that were used. The database search took place
between mid-May 2023 to end of August 2023 and yielded 748 papers across both databases.
After removing duplicates, we obtained 577 unique papers, of which 544 could be downloaded
as full-text PDFs. In the first round, the titles and abstracts of those papers were screened
manually to discard any paper that did not meet the first two eligibility criteria. 75 papers
fulfilled both criteria and were screened in a second round, by reading the paper itself to see
whether it meets all other eligibility criteria. The screening of the full-text PDFs was done

independently by one of the authors and a research assistant.

Out of the 75 papers, 31 papers fulfilled all selection criteria and were included in the sample.
Out of those 31 papers, 24 papers were duplicates with papers included in our sample through
the VoxDevLit or backward snowballing. Fourteen papers from VoxDevLit and backward
snowballing do not appear in the systematic search. Nine papers were not captured, either
because they do not mention the required search terms in their abstract or title. These papers
either refer to “loan” or “credit” but not to “micro*” or they do not refer to an RCT or

“experiment*” (Banerjee et al., 2021; Basu & Wong, 2015; Beaman et al., 2021; Bernhardt et al.,
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2019; Bryan et al., 2021; Crépon et al., 2020; Fink et al., 2020; Lane, 2020; Maitra et al., 2020).

One VoxDevlLit paper (Shonchoy, 2014) is a book, which is not a monograph, edited volume,

major reference work, nor a graduate level textbook. Therefore, this was not picked up by

Scopus. EconLit should have listed this book, because they include books from the Annotated

Listing of New Books and the book appears in the third issue of the Annotated listing (“G:

Financial Economics,” 2015). The remaining four papers were working papers at the time and

were not picked up by Scopus or EconLit (Alibhai et al., 2022; Barboni & Agarwal, 2021; Cai et

al., 2020; Riley, 2020).

Table Al: Systematic search selection protocol

Search
engine/
database

Date of
search

Search terms related to intervention®

Econlit

31/08/2023

Search in title or abstract:

("microfinance" OR "Microfinance" OR "microloan" OR "Microloan" OR "microcredit" OR
"Microcredit") AND ("RCT" OR "randomize*" OR "experiment*" OR "Experiment*")

Exact searches:
Tl (microfinance OR microloan OR microcredit) AND (RCT OR randomiz* OR experiment)

AB (microfinance OR microloan OR microcredit) AND (RCT OR randomiz* OR experiment)

(microfinance OR microloan OR microcredit) AND ( randomis*)

Scopus

25/05/2023

31/08/2023

Search in title or abstract:

("microfinance" OR "Microfinance" OR "microloan" OR "Microloan" OR "microcredit" OR
"Microcredit") AND ("RCT" OR "randomize*" OR "experiment*" OR "Experiment*")

Exact search: ( TITLE-ABS-KEY ( microfinance ) OR TITLE-ABS-KEY ( microloan ) OR TITLE-ABS-
KEY ( microcredit )) AND ( TITLE-ABS-KEY ( rct) OR TITLE-ABS-KEY ( randomiz* ) OR TITLE-
ABS-KEY ( experiment* ) )

( TITLE-ABS-KEY ( microfinance ) OR TITLE-ABS-KEY ( microloan) OR TITLE-ABS-KEY (
microcredit )) AND TITLE-ABS-KEY ( randomis* ) )

9 To ensure that we only capture microfinance interventions, we decided to not include broader terms such as
“credit” or “loans”. We did not impose any restrictions on the language, publication status or publication date.
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B. Study sample
Table A2: Study sample
Author (year)

Afzal & Fafchamps (2019)
Alibhai et al. (2022)

Angelucci et al. (2015)

Aragon et al. (2020)
Attanasio et al. (2015)

Augsburg et al. (2015)

Banerjee et al. (2023)
Banerjee et al. (2021)
Banerjee et al. (2015)

Banerjee et al. (2018)
Barboni & Agarwal (2021)

Bari et al. (2021)
Basu & Wong (2015)

Battaglia et al. (2021)
Beaman et al. (2021)

Bernhardt et al. (2019)
Brune et al. (2023)

Bryan et al. (2021)

Burke et al. (2019)
Cai et al. (2020)

Channa et al. (2022)
Cordaro et al. (2022)
Crépon et al. (2015)

Retrieved through

VoxDevlLit
VoxDevlLit

VoxDevlLit

VoxDevlLit
VoxDevLit

VoxDevlLit

VoxDevlLit
VoxDevlLit
VoxDevLit

Systematic search
VoxDevLit

VoxDevlLit

Backward snowballing

VoxDevLit
VoxDevlLit

VoxDevLit
VoxDevlLit

VoxDevLit

VoxDevlLit
VoxDevlLit

Systematic search
VoxDevlLit
VoxDevlLit

Most influential university department
among authors (February 2024)
Stanford University

World Bank (Gender Innovation Lab)

Northwestern University (Kellogg School
of Management)
World Bank

Yale University
Yale University

Harvard University
Harvard University
Massachusetts Institute of Technology

Massachusetts Institute of Technology
University of Warwick (Warwick Business
School)

Imperial College Business School London
Wharton School of the University of
Pennsylvania

Stockholm University

Northwestern University (Kellogg School
of Management)

Yale University

Northwestern University (Kellogg School
of Management)

Northwestern University (Kellogg School
of Management)

University of California, Berkeley

Hong Kong University of Science and
Technology

World Bank (gender innovation lab)
Stanford University

Massachusetts Institute of Technology

Journal (August 2024)

Economic Journal (Accepted)

WP (World Bank Policy Research Working
Paper)

American Economic Journal: Applied
Economics

Journal of Development Economics
American Economic Journal: Applied
Economics

American Economic Journal: Applied
Economics

The Review of Economic Studies

WP (NBER)

American Economic Journal: Applied
Economics

Economica

WP (SSRN)

American Economic Review

Journal of Development Economics

Review of Economic Studies
Econometrica

American Economic Review: Insights
WP (NBER)

American Economic Review (Conditionally
accepted)
The Quarterly Journal of Economics

WP (SSRN)

Journal of Development Economics
WP (NBER)

American Economic Journal: Applied
Economics

Version used for data analysis (latest
version available at time of extraction)
WP (NBER)

WP (World Bank Policy Research Working
Paper)

American Economic Journal: Applied
Economics

Journal of Development Economics

American Economic Journal: Applied
Economics

American Economic Journal: Applied
Economics

The Review of Economic Studies

Author website (November 2021)

American Economic Journal: Applied
Economics
Economica

WP (SSRN)

WP (CEPR DP)

Journal of Development Economics

WP (PEDL research paper)
WP (NBER)

American Economic Review: Insights
WP (NBER)

WP (NBER)

The Quarterly Journal of Economics
WP (SSRN)

Journal of Development Economics
WP (NBER)

American Economic Journal: Applied
Economics
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Crépon et al. (2020)

Feigenberg et al. (2014)
Feigenberg et al. (2013)
Fiala (2018)

Field et al. (2012)

Field et al. (2013)

Fink et al. (2020)

Giné & Mansuri (2021)

Giné & Karlan (2014)
Hossain et al. (2019)
Karlan & Zinman (2011)

Karlan & Zinman (2010)

Khan & Bedi (2021)
Lane (2020)

Maitra et al. (2017)
Maitra et al. (2020)

Mukherjee et al. (2022)

Nakano & Magezi (2020)
Rahman et al. (2021)

Riley (2020)
Shonchoy (2014)
Tarozzi et al. (2015)

VoxDeuvlLit

Systematic search
Backward snowballing
VoxDevLit

VoxDevlLit

VoxDevlLit

VoxDevlLit

Backward snowballing

VoxDevLit
Backward snowballing
VoxDevLit

Backward snowballing

Systematic search
VoxDevLit

VoxDevlLit
VoxDevlLit

Systematic search

Systematic search

Systematic search

VoxDevLit
VoxDevlLit
VoxDevLit

Ecole Nationale de la Statistique (ENSAE);

Institute for the Study of Labor (IZA)
Yale University

Yale University

University of Connecticut

Yale University

Yale University

UC Santa Barbara

World Bank (gender innovation lab)

World Bank (gender innovation lab)
The University of Tokyo

Northwestern University (Kellogg School

of Management)

Northwestern University (Kellogg School

of Management)
Erasmus University Rotterdam

University of Chicago (Harris School of

Public Policy)
Boston University

Boston University

University of California, Berkeley

BRAC Institute of Governance and
Development
University of Michigan

Florida International University
European University Institute

American Economic Journal: Applied
Economics
Journal of Policy Analysis and Management

Review of Economic Studies
World Development

PLoS ONE

American Economic Review
American Economic Review

Economic Development and Cultural
Change
Journal of Development Economics

American Journal of Agricultural Economics
Science

The Review of Financial Studies

Journal of Development Effectiveness

Econometrica

Journal of Development Economics
Journal of the European Economic
Association

Journal of Development Economics
(Conditionally accepted)

World Development

Review of Development Economics

American Economic Review
Book

American Economic Journal: Applied
Economics

WP (author website)

Journal of Policy Analysis and Management
Review of Economic Studies

World Development

PLoS ONE

American Economic Review

American Economic Review

Economic Development and Cultural
Change
Journal of Development Economics

American Journal of Agricultural Economics
Science

The Review of Financial Studies

Journal of Development Effectiveness
WP (author website)

Journal of Development Economics
WP (NBER)

WP (NBER)

World Development

Review of Development Economics

WP (author website)
Book

American Economic Journal: Applied
Economics
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C. Number of design elements mentioned in each paper

We elicited from each paper whether they mention each of the 21 design elements. The average
paper mentions 84.8% of the design elements. Three papers describe all design elements. We
interpret this as evidence that our elicited design elements are considered as relevant in the MF

literature.

Figure Al: Percentage of design elements mentioned in each paper

o II i1 1 ll | I
6I0 8I0 9|0

10

Number of papers
5
|

! I
50 70 100
Design elements discussed out of applicable design elements (in %)

I Frequency ——— Mean design elements discussed

Note: We calculate the percentage of design elements. The denominator is the number of applicable design elements. Not all design elements
are applicable to each paper, e.g. authors are not expected to mention ‘meeting frequency’ if individual loans are provided.

There are four papers (Feigenberg et al., 2014; Banerjee et al., 2021; Banerjee et al., 2023; and
Mukherjee et al., 2022) that re-analyze data from another paper in our sample. These papers
refer to the original paper for more details about the intervention. Therefore, we coded the
missing design elements in favor of the re-analysis paper: Whenever a design element was not
mentioned in the re-analysis paper, but it was mentioned in the original paper, we considered
the design element as mentioned for the re-analysis paper also. Yet, this does not affect our
conclusion from the graph: If we would not take the original papers into account, the number

of design elements mentioned in the average paper would be 82.1% instead of 84.8%.
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D. Description of design variation effects
Figure 5 and Figure A2-A4 show the design variation effects for fourteen papers. Out of the 25
papers that compare between MF models, we dropped six papers (Afzal et al., 2019; Burke et
al.,, 2019; Cordaro et al., 2022; Fiala, 2018; Fink et al., 2020; Maitra et al., 2020), because they do
not report coefficients for the comparison between treatment arms. We exclude another five
papers (Feigenberg et al., 2013, 2014; Giné & Karlan, 2014; Maitra et al., 2017; Shonchoy, 2014),
because they do not report on business outcomes or household welfare indicators that are
comparable across papers. For completeness, we provide a brief description of the design
variation effects for those papers here. Feigenberg et al. (2013) contrast monthly with weekly
meeting and repayment frequency and find significant design variation effects on indexes of
social contact among borrowers. One year after the experiment ended, borrowers who met
weekly saw each other 37% more often, and were more willing to pool risk with other group
members. Similarly, Feigenberg et al. (2014) find a significant design variation effect of the
weekly compared to monthly meeting and repayment frequency on the group meeting social
contact index. Giné & Karlan (2014) evaluate the change from group liability to individual
liability borrowing and conclude that there is no significant effect on an index of trust. Maitra
etal. (2017) compare two types of lending, agent-intermediated and group-based lending. The
agent-intermediated lending had no significant design variation effects on potato yields and
imputed agricultural profit. Shonchoy (2014) compares three design variations, i.e., aloan with
three-month repayment pause, an asset-financing loan with the same repayment pause and a
loan with monthly instead of weekly repayment for three months, with a loan with weekly

repayment. He does not find a positive and significant impact on food security.
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Figure A2: Design variation effects on household consumption
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Figure A3: Design variation effects on likelihood to have or start a business
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Figure A4: Design variation effects on business investment
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In the following, we zoom into each of the papers in Figures 5, A2, A3 and A4 to illustrate the
design variations effects on business and household outcomes. Changing the frequency of
repayment from weekly to monthly has a significant effect on business profits and inventory
as well as household income and consumption in Field et al. (2012). Aragon et al. (2020);
Barboni & Agarwal (2021); Battaglia et al. (2021) and Brune et al. (2022) introduce different
forms of repayment flexibility. Aragon et al. (2020) and Barboni & Agarwal (2021) do not detect
significant effects on profits. Battaglia et al. (2021) find no significant design variation effects
for profits and household income. They do find a significant effect on business assets of the
repayment flexibility, although not for their collateralized loan with flexible repayment. Brune
et al. (2022) estimate no significant design variation effects on business profits and fixed asset
investment. Bernhardt et al. (2019) find that offering a grace period has a significant effect on
household income and profits from all household businesses, but not on profits from female-
run businesses. Field et al. (2013) detect a significant effect of a grace period on profits, capital,
the likelihood of starting a business, and household income. Bari et al. (2021) give borrowers
the option to finance a specific business asset with their loan. This leads to significant design
variation effects on profits, business assets, the likelihood of having a business, and household
income and consumption. Lane (2020) gives borrowers the option to get an additional loan in
case of flooding. He reports a significant, additional effect of this emergency loan on household
consumption, but there is no effect for household income and business investment. In Banerjee

et al. (2018) the loan is bundled with a health insurance, but the bundling leads to a decline in
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loan renewal in the treatment group. Therefore, the coefficients cannot be interpreted as the
effects of the health insurance and loan bundle according to Banerjee et al. (2018). The design
variation effect of the bundled loan for business profits, the likelihood to operate a business,
and household consumption is insignificant. The RCT analyzed in Mukherjee et al. (2022)
combines a loan with a lockbox for savings, which leads to a significant additional effect on
household consumption compared to offering only the loan. Riley (2020) provides a mobile
money account together with the loan, which has no significant effect on business profits,
business assets and inventory, nor on household consumption and income. She also offers a
loan that is disbursed via mobile money instead of cash together with a mobile money account
and this leads to significant design variation effects on business profits, assets and inventory,
and on household consumption and income. Bryan et al. (2021) increase the loan size. There is
a significant design variation effect on household consumption, but not on business profits or
the likelihood of owning a business. In the paper by Giné & Mansuri (2021) there is no
significant effect of offering a larger loan on business creation. The same is true for the bundle

consisting of the larger loan and business training.
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E. Checklist for external and construct validity

This checklist provides our suggestion for qualitative information that an RCT-based paper
should contain to enable the reader to assess construct validity and external validity. The
checklist is based on this paper, and on Peters et al. (2018).

1.

Construct:

1.1 Does the paper provide comprehensive information about the details of the
intervention, that would allow other researchers/implementers to implement an
intervention that is sufficiently similar to the intervention under evaluation?
(Authors can be guided by the design elements that are already studied in the
literature.)

Researcher special care:

2.1 Does the paper discuss how the randomized treatment was provided in
demarcation to a scaled version of the intervention?

2.2 Does the paper describe to what extent the researchers were involved in designing
the intervention?

2.3 Does the paper describe who implemented the intervention, and to what extent the
researchers were involved in the implementation?

Hawthorne and John Henry effects
3.1 Does the paper describe whether the participants in the treatment and control
group are aware of being part of an experiment?

Generalizability:

4.1 Does the paper determine the scope of generalization regarding the intervention
design that is being studied?

4.2 Does the paper lay out the assumptions on which base this generalization would
be valid?
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CHAPTER 2

10 Years After: Long-term Adoption of Electricity in Rural Rwanda

With Jorg Ankel-Peters, Gabriel Gonzalez Sutil, Vijay Modi, Joel Mugyenyi,
Anicet Munyehirwe, Nathan Williams & Maximiliane Sievert

Power grid extension into hitherto unconnected areas is high on the
policy agenda in Sub-Saharan Africa. Yet, connection rates and electricity
consumption remain low in rural grid-covered areas, at least in the short
and medium run. This paper provides a long-term follow-up on an
evaluation of a large grid extension program in rural Rwanda. We study
the adoption of grid electricity over time using a panel of 41 communities
that were electrified up to ten years ago. We triangulate our own survey
data with administrative consumption data. We find that in connected
communities, almost half of the households remain unconnected.
Electricity consumption and appliance use are low and did not grow over
time. It is therefore difficult to justify investments into grid-based rural
electrification by economic development impacts and cost-benefit
considerations. Rights-based arguments rooted in equity and fairness
considerations may provide a more compelling yet controversial
justification for such investments.

Keywords: SDG 7, Energy Access, Energy Consumption, Electrification, Sub-Saharan Africa

This paper is published as working paper: Masselus, L., Ankel-Peters, J., Gonzalez Sutil, G., Modi, V.,
Mugyenyi, J., Munyehirwe, A., Williams, N., & Sievert, M. (2024). 10 years after: Long-term adoption of
electricity in rural Rwanda (No. 1086). Ruhr Economic Papers.
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1. Introduction
Based on the belief that energy is a driver of economic development, universal access emerged
as an important policy objective and a Sustainable Development Goal (United Nations, 2015;
SDG 7). Yet, the literature on the socio-economic impacts of rural electrification is divided,
with a recent turn towards rather disappointing findings (Bayer et al., 2020; Bos et al., 2018;
Fetter & Usmani, 2024; Lee et al., 2020a; Peters & Sievert, 2016). In Sub-Saharan Africa (SSA),
impact evaluations of grid extension studies document connection rates well below 100%, very
low consumption levels among those who are connected, and consequently, largely absent
impacts on economic development (Bernard & Torero, 2015; Chaplin et al., 2017; Lee et al.,
2020b; Lenz et al., 2017; Peters et al., 2011; Schmidt & Moradi, 2023). These studies typically
examine adoption and impacts after two to three years, the longest after seven. The question

therefore arises if it simply takes more time for adoption and impacts to materialize.

This paper examines the long-term adoption of grid electricity in rural Rwanda, up to ten years
after the communities were connected to the grid. We follow up on Lenz et al. (2017), who
evaluate the impacts of the Rwanda’s Electricity Access Roll-out Program (EARP), one of the
biggest grid expansion initiatives worldwide. EARP increased electrification from a very low
rate of 6% in 2009 to 54% in 2023 (Rwanda Energy Group, 2023), making Rwanda the second
fastest-electrifying country in SSA (after Kenya) in the last decade (IEA et al., 2023). Lenz et al.
(2017) evaluate adoption and impacts in communities connected in the first phase of EARP,
3.5 years after connection. They document noteworthy usage patterns in households such as
lighting, for studying and other household chores, entertainment devices and phone charging.
Yet consumption levels were extremely low, also in connected enterprises, which hardly use
electric appliances beyond lighting. Hence, there was no indication for the economic
development effects of electrification that are typically assumed in cost-benefit considerations

of donor agencies.

We revisit the same communities up to ten years after grid-connection and thereby provide an
unusual long-term follow-up.! Our analysis is based on two data sources with complementary
virtues: four waves of survey data and administrative consumption data. The survey data

comprises detailed energy usage data from 820 households in 41 rural communities. The

1 The average community in our sample was connected eight to nine years ago; 28 communities were connected
more than eight years ago. Only four communities were connected less than five years ago.
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administrative consumption dataset covers all pre-paid purchases for 147,074 rural Rwandan

households between 2012 and 2020, among them 174 households in our sample.

EARP succesfully connected 41 and hence all but two communities of the Lenz et al. (2017)
sample to the grid. We find that in connected communities, a notable share of households
remains unconnected. Electricity consumption in 2022 remains at similarly low levels as in
2013. Connected households mainly use electricity for lighting and phone charging, with only
23% owning electric appliances other than a lamp, phone, or radio (mostly television). Few
households use appliances productively. Most enterprises acquire a connection, but there is

no indication for noteworthy enterprise creation.

Our paper responds to the legitimate criticism that the lack of impacts measured in previous
impact evaluations could be explained by the fact that adoption, and therefore economic
development effects, might need time to unfold (Burgess et al., 2020; Lee et al., 2020a; Peters &
Sievert, 2016). The few existing longer-run studies in the United States, Asia and Latin America
diagnose large effects (Lewis & Severnini, 2020; Lipscomb et al., 2013; Nag & Stern, 2023; Rud,
2012; van de Walle et al., 2013). Our paper confirms concerns about the transferability of these

findings to contexts in SSA (Lee et al., 2020a; Peters & Sievert, 2016).

2. Results

2.1 Data
Our analysis relies on two data sources. First, we collected four waves of a community panel
dataset from 41 communities in 2011, 2013, 2015, and 2022.2 We dropped two non-connected
communities from our analysis because this sample is too small to use it for further
comparison. We conducted surveys with households living within a 50 meters corridor on
both sides of the low-voltage line that can connect at the lowest fee of 93 USD, henceforth
“under-grid” households.’> We used a random walk approach to select a sample representative
of all under-grid households in the community. Per community, we interviewed 30
households in 2011 and 2013. A subsample was also interviewed in 2015. In 2022, we selected
a new random sample of twenty under-grid households. Tracking the same households as in

the previous waves was too complicated because family compositions, locations, and phone

2 See Appendices A and B, details on sample selection and the definition of a community.
3We use the 2011 conversion rate of 600 RWF to 1 USD throughout.
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numbers changed. Also, for our research question a household-level panel dimension is not
crucial. Additionally, we interviewed community leaders to elicit information about the entire
community, that is, including households living beyond the under-grid corridor as well as

information about the enterprises.

Our second dataset consists of administrative consumption data covering all pre-paid
purchases from October 2012 to April 2020 for 800,000 consumers of the national utility
Rwanda Energy Group (REG, out of a universe of 1,300,000 consumers in total), from 15 out
of 30 districts in the country.* We are interested in rural customers, but only about half of the
consumers in the administrative data are geolocated, allowing us to identify them as “rural”
or “urban”. From the geolocated data, we include only the 147,074 rural households. We use
this administrative dataset to scrutinize the external validity of our survey findings, by
comparing them to the rest of the country. The underlying assumption is that the
administrative data is suffciently representative despite the selection process that is not
entirely traceable. Furthermore, we use the administrative data to corroborate our survey
consumption data. For this, we use a unique meter ID to identify households that occur in both

datasets, and could match 26% of the connected households in our surveyed sample.>

2.2 Household adoption
We examine household consumption with survey data and the administrative consumption
data. Looking at our survey data, Figure 1 shows household connection rates (Panel A) and
appliance ownership (Panel B) over time. Despite living in a connected community, not all
households connect. In 2022, up to ten years after community connection, 82% of the under-
grid households are connected. This connection rate was already high 3.5 years after
connection and hardly increased since. Between 2011 and 2022 REG might have extended
distribution lines in some communities, and thus the 2022 under-grid corridor, which we use
here, is different from the 2011 under-grid corridor. The implication would be that we

underestimate what we consider the long-term under-grid connection rate, because in the 2011

4 While the dataset covers purchases of electricity, we deem this a good proxy for consumption in Rwanda.
Customers usually recharge their meters for small amounts and on an as-needed basis.
5 We implement a bias correction and find that the matched households are likely to represent the upper bound
of the consumption distribution in our survey sample (Appendix D).
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corridor the connection rate could be higher than 82%. At the wider community level, so

including households that live further away from the grid, only 51% are connected.

Adoption of electric appliances among connected under-grid households is low. In 2022,
nearly all connected households use electric lamps, 84% own mobile phones, and 50% own
electric radios. Only 23% own other appliances (mostly televisions). Productive use of
appliances is not common: only 4.5% of the connected households use electric appliances to
earn money. These appliances are radios (10 respondents), irons (5), televisions (4), computers
(3), refrigerators (2), a kettle (1) and a mill (1). They are all used in self-employed enterprises
or farming activities. Panel B shows ownership of the most common appliances, mostly

information and entertainment devices. There is no indication of increased appliance adoption

over time.

In 2022, electric light bulbs have replaced kerosene lanterns and battery-run appliances almost
entirely among connected households; only 14% use candles occasionally. Households not
connected to the grid rely on battery-run LED torches, solar lamps, or candles. Like in most

other countries in SSA, electricity is not used for cooking (IEA et al., 2022).

Figure 1: Electricity adoption over time
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Note: Source: Household and community survey. A household is considered as grid-connected if they have a connection plus installation in
their home, regardless of whether they consume any electricity. Following REG’s definition, we do not count households that are connected
through a neighbor. In contrast to other countries in the region, such illegal connections are extremely rare in Rwanda. The sample for this
figure consists of thirteen connected communities in 2013 and 2015 and 41 connected communities in 2022.

Figure 2 shows the self-reported average monthly consumption in kWh. The left panel shows
the 2013 consumption levels for connected households in those communities that were

connected by 2013. The right panel shows consumption levels in 2022 for connected
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households in all communities.® Up to ten years after electrification, the average connected
household consumes 8.1 kWh per month, and the median is 4 kWh. Under current tariffs, the
mean amount purchased per month is 720 RWF, equivalent to 2% of the median households’

expenditures.

Figure 2: Self-reported monthly electricity consumption for connected households
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Note: Source: Household survey. The sample for this figure consists of thirteen connected communities in 2013 (panel A) and 41 connected
communities in 2022 (panel B). See Lenz et al. (2017) for more details. Consumption is trimmed at the 99th percentile for graphical
presentation. The vertical line presents the mean monthly consumption (untrimmed). The 2013 data is calculated based on appliance
ownership and usage patterns. The 2022 data is based on electricity bills imputed with information on appliance ownership and usage. The
approach is discussed in Appendix C.

Figure 3, Panel A shows the administrative consumption data for the 174 matched households.
Earlier connected households initially have higher average levels of consumption, which could
be explained by better-off communities being connected first, or better-off households within
connected communities being connected first, or both. Additionally, we see no increase in
consumption over time, for any of the connection years. On the contrary, the data shows a
peak in consumption for the first years after electrification, which then tapers off. Both the
frequency of purchases and the purchased quantity decline over time. We find similar trends
for the highest 10% of consumers in our sample (Figure A3), indicating that even for the top-

consumers, there is no indication of consumption growth over time.

The administrative consumption data also corroborates our survey data results. The matched
households have similar consumption levels in both the administrative consumption data and
in the survey data, which gives confidence in the accuracy of the self-reported survey data (see

Appendix C). Additionally, the administrative consumption data shows that the low

5 When looking only at communities already connected by 2013, the mean consumption in 2022 is 8.5
kWh/month. This indicates that the consumption in the entire sample is not pulled down by the more recently
connected communities.
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consumption levels in 2022 cannot be attributed to the COVID-pandemic, as consumption

levels have already been similarly low before the pandemic.

Figure 3: Consumption over time by year of connection
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Note: Source: Administrative consumption data. The dataset for this figure contains all pre-paid purchases and geolocations for 400,000
households. Panel A shows the data for the 174 matched households in our sample. Panel B shows the data for 147,074 rural households. We
use village boundaries provided by the World Bank and the definition of rural areas provided by the European Commission to identify rural
customers.

2.3 Enterprise adoption

We elicited information from the community leaders about the enterprises in their community.
In 2022, the average community has sixteen enterprises, most of them grid-connected, and all
of them micro-enterprises with no or very few employees. We find no evidence that
electrification leads to substantial creation of new types of enterprises, although we do observe

a few new enterprises that rely on electricity (like welders in 29% of the communities and copy
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shops in 12%) and that might not have been created in absence of grid-electricity (using a

generator).

In general, enterprises in the communities provide basic services to the local population, like
small shops, bars, restaurants, and hairdressers. Only half of the communities have any
manufacturing firms like tailors, welders, or carpenters. Most enterprises use electricity for
lighting. Small shops, selling items like staple food or toiletries for local consumption, as well
as bars and restaurants sometimes obtain electric appliances after electrification. Among small
shops, 22% have a radio, 12% a TV, and 2% a refrigerator. Bars and restaurants often have a
radio (50% and 22% respectively), or a TV (35% and 22%). 17% of all bars and 14% of all
restaurants have a refrigerator. Additionally, many shops, bars, and restaurants offer phone
charging services. Hairdressers and beauty salons commonly own electric razors (93% of all
hairdressers), a radio (44%) or a TV (14%). Millers, carpenters, and tailors use grid electricity
for operation of equipment, though many enterprises also continue to work with mechanical
or diesel-run appliances, despite their grid connection. Only 9% of all tailors have an electric
sewing machine and 31% of all carpenters have some kind of electric wood processing

machine.

2.4 Generalizability across Rwanda and Sub-Saharan Africa

In Figure 3, Panel B, we compare consumption levels in our sample to the average in rural
communities, using the administrative consumption dataset. In line with our findings, the
average consumption per rural household beyond our sample is also low, and does not

increase over time.

Next, we discuss the generalizability of our findings beyond rural Rwanda. We compare our
estimates with connection rates and consumption levels from other studies in SSA, which
mainly use utility data or nationally representative socio-economic datasets. Blimpo &
Cosgrove-Davies (2019) report that connection rates for under-grid households vary
substantially across SSA. Using Demographic and Health Survey data, they calculate grid
connection rates of between 13% and 81% — yet including urban areas. The median connection

rate is 46%, with Rwanda slightly below average at 40%.” No information is available for how

7 These estimates are only approximations since the definition of an electricity connection (e.g. ongrid vs. offgrid)
is not consistent across countries and the authors have to rely on assumptions for defining households “under
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long the areas have been electrified. In rural Kenya, Lee et al. (2016) find that only 5% of
households in their sample are connected, up to five years after community connection. Half
of the non-connected households live close to the grid and can connect at the lowest cost of
USD 412. In Tanzania, according to Bensch et al. (2019), up to four years after connection, only
38% of households in connected villages are grid-connected despite high connection subsidies
and 57% of under-grid households are connected. Also in Tanzania, Chaplin et al. (2017)
document an increase in connection rates from 11 to 21%, two to three years after a grid
extension program. In Burkina Faso, Schmidt & Moradi (2023) find that household connection
rates stagnate around 8-10%, three years after community connection. These findings suggest
that our diagnosis of low connection rates appears relevant for several SSA countries. The

innovative insight we add is the long-term perspective.

On electricity consumption, Blimpo & Cosgrove-Davies (2019) report overall low consumption
across SSA of on average 483 kWh/year in 2014. This is equivalent to powering only a 50-Watt
light bulb for a year, but still four times the amount we measure in rural Rwanda. Descriptive
studies using national utilities” data for Kenya (Fobi et al., 2018; Taneja, 2018) and Togo
(Boubakar et al., 2022) document similar consumption patterns: overall low consumption and
limited consumption growth over time. In Kenya, the median consumption among rural
consumers ranges between 200-400 kWh/year in 2015. In Togo, the average consumption for
rural consumers is around 600 kWh/year in 2020. In the first months after connection,
electricity consumption grows modestly, but later tapers off. Similar to our findings in

Rwanda, later connections consume less electricity.

3. Discussion

We address important policy questions: what is the electricity adoption trajectory over time
and will economic development impacts unfold in the long-run? We do not observe a decline
in connection rates and appliance usage over time. This, as well as the sustaining positive
short-term impacts on household wellbeing observed in Lenz et al. (2017), cannot be taken for
granted in the aftermath of the COVID-pandemic. Yet, we also confirm Lenz et al. (2017)’s
short-term diagnosis of no noteworthy economic development effects, now in the long term.

What is more, connection rates stagnate well below 100% in grid-connected communities.

the grid”. The authors have to assume that as soon as one household reports an electricity connection, the whole
enumeration areas has access to electricity.
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Hence, it cannot be expected that the universal access goal is achieved in the long term — even
in grid-connected areas and despite connection fees for under-grid households that are
comparatively low in Rwanda (Blimpo & Cosgrove-Davies, 2019; Golumbeanu & Barnes,
2013). Note that in contrast to some other countries in SSA, electricity supply is stable in rural
Rwanda. Most grid-connected households report to be satisfied with their connection.
Although blackouts and voltage fluctuations occur, they are infrequent (see Appendix A for

more details).

For connected households, consumption remains very low. Households own virtually no
productive appliances, but rather use lighting and entertainment devices only. There is no
indication for noteworthy enterprise creation or for existing enterprises starting to use
electricity productively. This challenges the narrative of electrification as a panacea for poverty

reduction and raises concerns about the financial sustainability of utilities.

In fact, extending the grid requires enormous upfront investments. For SSA, the IEA estimates
that achieving universal access by 2030 and maintaining it to 2040 will cost over USD 100
billion per year. The cumulative investments amount to 2.7% of the regional GDP (IEA, 2019).
For our sample of rural Rwandan households, most current electricity usage could be covered
by alternative, cheaper electricity sources — for example decentralized off-grid solar.
Proponents of large infrastructure investments argue that in the long run, grid extension
enables better development potential once economic growth and productive demand occur
endogenously. A focus on small-scale decentralized electricity instead may cap that demand
increase and hamper endogenous economic growth. Our findings suggest that even this more
patient prior, based on long-term expectations, needs to be updated towards a much longer
period than most donor agencies and governments might have hoped. The question hence
arises whether such potential benefits in the far-away future justify today’s high investment
and opportunity costs. A careful case-by-case consideration of different electricity sources for
different locations seems to be warranted to improve the cost-effectiveness of scarce resources
for universal access purposes (Agutu et al., 2022; Egli et al., 2023; Magelepo et al., 2022; Trotter
et al., 2019; Trotter et al., 2017). Yet, with respect to decentralized electrification, our findings
are also of utmost importance for the mini-grid sector, in which oftentimes ex-ante assessments
of financial sustainability are based on increasing electricity demand over time (Duthie et al.,

2024; Egli et al., 2023; Peters et al., 2019).
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Large donors and development banks conduct cost-benefit analyses to justify their
investments. An assessment of the World Bank’s cost-benefit analyses reveals that the
economic rate of return is frequently overly optimistic, as benefits are rarely verified beyond
the initial seven to ten years, whereas the calculations include benefits over a 25 to 30-year
time period (IEG, 2010). The Millenium Challenge Corporation employs a twenty-year horizon
for its calculations, though assessments typically occur two to five years after project closure
(MCC, 2024). Our findings show that while impact and adoption are sustainable after ten
years, they do not increase and even stagnate on a low level. Based on our findings, it is
unlikely that impacts will begin to materialize within a ten to fifteen year timeframe without
an external growth stimulus.® Donors might nevertheless assume demand increases in the
medium to long term, but our findings strongly suggest that such assumptions should be
labelled as optimistic scenarios. From a cost-effectiveness perspective, it should also be noted
that the non-negligible positive impacts on household wellbeing can also be generated by off-

grid technologies, at much lower investment costs (Grimm et al., 2020).

Meanwhile, there are other reasons beyond economic ones that justify rural electrification.
Many people and also governments in SSA perceive electricity and other infrastructure as a
right that is derived from normative principles and not from cost-benefit considerations
(Ankel-Peters & Schmidt, 2023; Madon et al., 2023; Rao & Min, 2018). From this rights-based
vantage point, our findings are not disappointing since they confirm sustainable uptake of
electricity — but measures need to be taken to address stagnating connection rates and ensure

all households under the grid are connected.

8 For northwestern India, Fetter & Usmani (2024) observe that electrification does lead to economic development
only in communities that are simultaneously exposed to a positive exogenous price shock for agricultural
products produced in some of the newly electrified communities but not in others.
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Appendix Chapter 2

A. Rural electrification in Rwanda
The cornerstone of Rwanda’s electrification endeavor is the EARP, nowadays run by the
national utility Rwanda Energy Group (REG, previously the Energy, Water and Sanitation
Authority or EWSA), which extends the grid through rural areas. This paper focusses on the
grid extension and grid densification activities carried out by EARP.? Grid extension activities
expand access to unconnected communities far from the existing grid by building new
Medium Voltage (MV) lines to communities, where power is transformed to Low Voltage (LV)
distribution lines. Grid densification activities connect communities and households closer to

the grid by installing transformers from existing MV lines and extending LV lines.

Once the grid reaches a community, households, enterprises, and social infrastructure can
request a connection with REG. Connection fees are subsidized and determined by the
distance to the grid. For households living close to the LV line!®, the connection fee is 56,000
RWEF (93 USD). Following Lee et al. (2016), we call these “under-grid” households throughout
the paper. For households living outside this corridor, connection fees increase as a function
of distance to the existing LV line, to cover the increasing cost of extending the distribution
lines. For all households, connection fees can be paid in installments, which are added to each
electricity bill. Since 2017, upfront payments are abolished for the poorest households. Most
households receive a so-called ready board, a connection point ready for household use with

two sockets and two light bulbs.

Households use a pre-paid meter to purchase electricity. These meters are recharged with
tokens, unique numbers that can be purchased using mobile money or through a
commissioned REG agent in a local shop. Most households in rural areas recharge their

prepaid meters frequently, on an as-needed basis and for small amounts.

Electricity tariffs per kilowatt hour (kWh) have changed over the years. Between 2006 and

2015, tariffs for residential consumers increased from 112 kWh to 182 kWh to cover the cost of

9 In addition to supporting direct access, parts of the EARP funds were invested into extending transmission (or
High Voltage (HV)) lines and improving grid stability.
10 Currently, distances below 37 meters from the LV line pay lower fees. According to conversations with REG in
2011, the distance where households can connect without additional expenses for extending distribution lines
was 50 meters. For consistency of the sampling approach, we employ the 50 meters distance to determine the
connection corridor.
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service and increased generation costs. Since 2017, tariffs for the lowest consumers have
decreased by half to increase affordability for the poor. A block tariff is charged, where the
tirst 15 kWh each month costs 8 RWF/kWh, the next 35 kWh costs 182 RWF/kWh and any
kWh above 50 is charged at the highest prices of 210 RWF/kWh (Mugyenyi et al., 2024).

In light of the large number of new connections, capacity bottlenecks can be a major constraint
that could affect the decision to connect and consume electricity (Blimpo & Cosgrove-Davies,
2019; Meeks et al.,, 2023). In Rwanda, grid-connected households report to be satisfied with
their connection. 79% of all households rate the quality of supply as good or excellent and only

1% rate the quality of supply as poor.

Blackouts and voltage fluctuations occur, but relatively infrequently compared to other SSA
countries (Blimpo & Cosgrove-Davies, 2019). In the month prior to our 2022 survey, 61% of
connected households report to have experienced blackouts, which occur once per week on
average. Blackouts last 3.6 hours on average. 21% of all connected households reported that
they had noticed voltage fluctuations, which occur only once per month or less in 70% of the
cases. Blimpo & Cosgrove-Davies (2019) document for eleven countries, including
neighboring countries Burundi, Tanzania, and Uganda, that over 40% of the connected
households experience outages for over half of the time. In Kenya, approximately one fourth
of connected households have outages for over half of the time. Bensch et al. (2017), study the
service quality in two grid-connected towns in rural Tanzania. Blackouts are reported by 88%

of all connected households, occur twice per week and last two to eight hours on average.

B. Sample selection
The communities in our sample are representative for communities scheduled to be electrified
during EARP’s first phase between 2009 and 2013. A representative random sample of then-
treatment communities was chosen by Lenz et al. (2017) according to probability-proportional-
to-size sampling from a list of communities scheduled for electrification between 2011 and
2012. Then-control communities were partly selected from a list of EARP communities
scheduled for connection after 2013, and partly according to their comparability to the
treatment communities regarding road access, community size, number and type of

enterprises, and prevailing agricultural activities.

72



The study communities are located across rural Rwanda (Figure Al, left). We define a
community as a group of households, clustered around basic infrastructure. One community
often covers multiple administrative settlements, so-called umudugudus. Figure Al (right)
shows a detail of one study community that consists of two umudugudus, illustrated by the
black borders. The lines represent the LV lines, which run in the center of the community, often

alongside the main road. The dots represent under-grid households.

Figure Al: Map of study communities and detail of study community
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In 2011, the average population is 300 households per community. All communities are located
in rural areas, where the majority of the population relies on farming as their primary source
of income. Only few communities had a business center or substantial entrepreneurial activity
before grid connection. Existing enterprises mostly offered goods or services for local
consumption, such as shops, hairdressers, bars, carpenters and tailors. The majority of
communities are accessible via dirt road only, and only one is accessible via an asphalted road.

Few communities have public facilities, apart from a primary school.

C. Electricity consumption
Eliciting electricity consumption through recall in household surveys is challenging as
households recharge their pre-paid meters on an as-needed basis and few households keep
receipts. We elicit electricity consumption in two ways. First, we ask households for the
amount consumed on the last three bills (in kWh or RWF), the dates of recharge, and the

average frequency of recharge. Second, we elicit ownership of appliances and lighting devices,
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and their average usage hours in each household. We use this data, and the average kWh per

appliance to infer monthly consumption.

Our preferred metric (as reported in Figure 2) consists of a combination of these different
variables. We use prepaid electricity bills for households that are able to provide them, and
appliance and lighting usage for all other households. 77 households are able to provide us
with the exact date and recharge amount for at least two of their last three bills. For an
additional 321 households, we use the average frequency of recharge. For the remaining 272
households, we only have data on appliance ownership, so we estimate electricity

consumption based on appliance ownership and self-reported average usage hours.

The average consumption level for the different measures ranges between 6.1 kWh and 11.7
kWh per month. We assess the quality of our inferred values by comparing the values from
bill dates and the inferred comsumption values, for households for which we have two or
more metrics. The Pearson correlation coefficients range between 0.14 and 0.48, which is

moderate to high.

The administrative consumption data also shows similar levels of consumption for the
matched households. We compare the 2019 data from the administrative consumption data
with our preferred combined consumption metric, described above. The average difference in
electricity consumption for matched households in the two datasets is 4 kWh. The Pearson

correlation coefficient is moderately high, at 0.29.

D. Bias correction
We were able to match 26% of the connected households in our sample with the administrative

consumption data. Figure A2 shows the distribution of households across the country.

Figure A2: Geographic distribution of matched and unmatched households

Matched Househelds Unmatched Households Unceonnected Households
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Using our 2022 level survey data and a tobit model, we analyse which communities have the
largest share of matched households. We find that the share of matched households is larger
in communities with better road quality, a higher number of enterprises and in earlier
electrified communities. In addition, at the household level, higher-income households with
better housing quality are more likely to be matched. This means that the matching is imperfect

and results in the systematic exclusion of some households.

To address this distorted matching, we formally implement a bias correction for the
administrative consumption data using inverse probability weighting. We first estimate a
probit regression which includes both household- and community-level covariates, such as
demographic characteristics of the head of household (gender, age, education), household
characteristics (number of members and their age), type of electricity access, dwelling
characteristics (type of walls, windows, floors, and roofs), and community indicators. We use
the fitted model to predict the probability to be matched, and then weight the observation by

the inverse of the predicted probability.

Table Al shows the descriptive statistics for yearly consumption from the administrative
consumption data. The unweighted yearly mean and median is slightly higher than the yearly
mean and median using inverse probability weighting, with 2014 and 2015 as exception. This
indicates that the matched administrative consumption data used in the paper rather presents

an upper bound for the entire survey sample.

Table Al: Unweighted and weighted yearly average consumption

Year  On-grid* Not Weighted Inverse Probability Weighting

Mean Median St. Dev. Min. Max. Mean Median St. Dev. Min. Max.
2013 47 148.37  72.20 196.97 0.00 968.00 142.85 52.20 194.25 0.00 968.00
2014 66 107.55  55.70 146.76 0.00 77090 112.61 59.65 145.64 0.00 770.90
2015 82 89.09 40.80 123.61 0.00 600.60 94.70 45.65 121.50 0.00 600.60
2016 102 75.21 42 .00 114.59 0.00 923.50 71.51 39.85 96.42 0.00 923.50
2017 107 84.14 47.50 138.33 0.00 1079.80 77.44 46.70 122.64 0.00 1079.80
2018 130 68.22 40.35 90.25 0.00 603.70 61.56 35.05 80.93 0.00 603.70
2019 165 58.39 32.40 76.80 0.00 610.00 52.21 27.25 69.14 0.00 610.00
Total 165 80.91 39.40 120.71 0.00 1079.80 74.69 36.35 108.83 0.00 1079.80

Note: Source: Administrative consumption data. Values for consumption are in kWh. Nine households are excluded from this table as they
connected during 2019/2020. * On-grid are the number of meters at the beginning of the year.
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E. Adoption among top consumers

Figure A3: Electricity consumption over time (kWh) for matched households
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CHAPTER 3

How to foster adoption and productive use of electricity - Evidence from

a cluster randomized policy roll-out in rural Rwanda

With Jorg Ankel-Peters, Nathan Fiala, Nina Kupzig, Anicet Munyehirwe &
Maximiliane Sievert

Electricity usage among households and microenterprises often remains
low in grid-connected areas in sub-Saharan Africa. This paper presents
results from a randomized government intervention in rural Rwanda
providing large in-kind grants for connected households and
microenterprises tailored to increase electricity adoption at the intensive
margin. One year after the intervention, our preliminary findings
indicate that the program leads to large increases in electricity
consumption among those receiving the grants, as our primary pre-
specified outcome, and an increase in employees as secondary outcome.
We do not find an effect on household profits.

Keywords: SDG7, Energy Consumption, Electrification, Sub-Saharan Africa

This paper is a preliminary version. The focus is on presenting the study design and a brief snapshot
of results. The pre-analysis plan for this paper can be found here:
https://osf.io/hdmsx/?view_only=ff17986fbaf14239a72ec56327012d92
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1. Introduction
685 million people lack access to electricity, most of them located in rural Sub-Saharan Africa
(IEA et al., 2024). The widespread belief that access to reliable energy induces employment
and economic growth has put energy access high on the policy agenda, as evidenced by its
inclusion in the United Nations” Sustainable Development Goals (SDG7; United Nations,
2024). Yet, recent studies show that simply providing access to energy does not automatically
result in economic development impacts (Burlig & Preonas, 2024; Lee et al., 2020a; Lenz et al.,
2017). Muted effects are partially attributed to limited electricity consumption post-

connection, but detailed mechanisms have rarely been studied rigorously (Lee et al., 2020b).

In this paper, we test the theoretical prediction that it is the productive use of electricity that is
needed to unleash the impact potential of electrification. For this, we examine whether
injecting grants for commercial appliances into connected communities in rural Rwanda leads
to productive use and economic benefits. We collaborate with the government of Rwanda to
evaluate the impact of one component of their Scaling-up Energy Access Program (henceforth
“SEAP”). The intervention provides connected communities with large in-kind grants in the
form of productive electric appliances, used to create new businesses and expand existing
ones. Applicants submit an application form outlining the need for an electric appliance of
their choice. We conduct a cluster randomized controlled trial in 84 communities to estimate

the impact of SEAP one year after the appliances have been disbursed.

This paper presents a brief snapshot of results. We find that the program leads to a large
increase in appliance ownership among treated applicants. The most commonly distributed
appliances are hairdressing equipment, sewing machines, welding machines, mills and IT
hardware such as printers or desktops. As primary outcome, we find that the program
increases electricity consumption among treated applicants. Yet, when we compare the two
available self-reported indicators for electricity consumption, we find puzzling divergent
average consumption levels. Therefore, we only report preliminary findings, in anticipation of
receiving administrative consumption data from the national utility, which we deem to be a

more reliable indicator.

We also find that the program does not lead to increased household profits. Yet, we do find

some evidence for an increase in paid employees for applicants in treated villages.
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Our study contributes to a growing literature on the economic effects of electrification and the
barriers to electricity adoption. The existing literature suggests that providing households
with electricity does not lead to economic growth without complementary investments.
Beyond mobile phones, radios and televisions, very few households acquire productive
appliances after electrification (Bensch et al., 2019; Bernard & Torero, 2015; Lee et al., 2020a;
Lenz et al., 2017; Schmidt & Moradi, 2023), even in the long run (Masselus et al., 2024). The
gap in the existing literature is that impact evaluations typically examine the regular policy of
connecting rural communities to the grid, with no particular intervention for businesses. The
absence of noteworthy impacts might be due to the fact that the statistical power to detect the
clearest mechanism towards economic development, productive use, is too weak when
examining the overall effects of rural electrification on the community, even though such
impacts might be present. We therefore amplify this signal considerably in our present study.
Our paper is close to Fetter & Usmani (2024) who find strong labor market impacts of the
Indian rural electrification program — yet only in communities that experienced an exogenous
price shock to crops produced in their agricultural sector, suggesting that the benefits of
electrification are closely linked to the productive use potential. By randomly providing access
to new productive use opportunities, we study a similar treatment and also productive use as
a mediator, but in a completely different context in rural Sub-Sahara Africa. What is more,
while the Fetter and Usmani (2024) set-up exploits an extremely insightful natural experiment,

it is hardly replicable for policy. Our intervention is designed to be scalable.

We registered a pre-analysis plan online, outlining the main hypotheses in detail, estimation
strategy, data, and outcome variables.! Our pre-analysis plan defines electricity consumption
as the primary outcome variable, followed by firm profits and employment as secondary
outcome variables. These variables are measured at the applicant level. We pre-specified that,
if we see positive effects on applicants, we will also look into effects on the community level
to examine potential spillover and local general equilibrium effects. In this paper, we present

preliminary results, focussing on the applicant level only.

1 The pre-analysis plan can be accessed here:
https://osf.io/hdmsx/?view only=ff17986fbaf14239a72ec56327012d92
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The remainder of the paper is structured as follows. The next section describes the context for
the study. Section 3 presents the experimental design and data. Section 4 presents results and

Section 5 concludes.

2. Context

2.1 Rural Electrification in Rwanda
Starting from a very low base, Rwanda made fast progress in increasing electrification rates.
Between 2010 and 2022, the electrification rate grew by 4 percentage points a year, making
Rwanda the second fastest electrifying country in Sub-Saharan Africa (IEA et al., 2024). By
2023, 54% of the population is connected to the grid and 21% to off-grid sources (Rwanda

Energy Group, 2023).

The cornerstone of Rwanda'’s rural electrification policy is the Energy Access Roll-out Program
(EARP). The EARP is a multidonor grid-extension program, launched in 2009 and run by the
national utility Rwanda Energy Group (REG, previously the Energy, Water and Sanitation
Authority or EWSA). As part of the EARP program, REG extends the grid to previously
unconnected communities. Once the grid arrives, households, businesses, and social
infrastructure can request a connection. The government encourages electricity consumption
in several ways. First, households use pre-paid meters to purchase electricity. Meters are
recharged with tokens, unique numbers that can be obtained using mobile money or through
a commissioned REG agent in a local shop. Second, electricity tariffs are subsidized and since
2017, tariffs for the lowest consumers have decreased by half to increase affordability for the
poor. Despite these efforts, consumption levels for connected households are low in rural

areas, even up to ten years after electrification (Lenz et al., 2017; Masselus et al., 2024)

2.2 The Scaling-Up Energy Access Program
As part of the EARP program, the Scaling-up Energy Access Program (SEAP) was launched in
2014 to further improve electricity adoption in the Northern and Western provinces. The SEAP
program aims to upgrade and rehabilitate two non-functioning electricity substations and
construct additional medium and low voltage distribution lines to connect over 25,000 new

households and priority public institutions to the grid (African Development Fund, 2013).

To support SEAP, the government launched a complementary five-year program, henceforth
“SEAP/GEF”, that encourages connected communities to use electricity for productive
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economic activities.? The program is funded with a USD 8.8 million grant from the Global
Environment Facility (GEF) and implemented jointly with the National Fund for Environment
and Climate Change (FONERWA). The SEAP/GEF program aims to encourage the
beneficiaries of SEAP to diversify their livelihoods away from traditional agricultural activities
to increase resilience against climate change, among others, by providing tailored training
activities and grants for appliance investments to new and existing businesses, thereby
encouraging the utilization of the grid infrastructure (ADF, 2017; GEF, 2023). We scale and
evaluate this grant component of the SEAP/GEF program in new areas. Specifically, the
intervention we evaluate is one component of the SEAP/GEF program, which complements
the larger SEAP program. The intervention implementation relies on a close collaboration

between the research team and the government staff from the SEAP/GEF team.

3. Experimental design and data
3.1 Sample selection

The study sample consists of 84 communities in rural Rwanda, depicted in Figure 1. A
community consists of a group of settlements clustered around basic infrastructure and in
Rwanda it often covers several administrative villages (so-called imidugudu). The study
communities were sampled in collaboration with REG from two populations: (1) communities
that were part of the first EARP phase and included in an earlier impact evaluation (see Lenz
et al., 2017) and (2) communities newly selected by the SEAP/GEF team, located in the
SEAP/GEEF districts or districts where communities from the earlier impact evaluation were

located.

To be eligible for the program, a community needed to fulfil the following requirements: (1)
have a grid connection for at least five years, (2) have some existing business activity such as
small shops, bars and restaurants or tailors, and (3) have no complementary grant or credit

programs for electric appliances.

2 The full name of this complementary program is “Increasing the Capacity of Vulnerable Rwandan Communities
to Adapt to Adverse Effects of Climate Change: Livelihood Diversification and Investment in Rural
Infrastructures”.
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Figure 1: Map of Treatment and Control Communities
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3.2 Experimental design and program implementation
We conducted a cluster randomized controlled trial, with treatment assignment at the

community level. Figure Al depicts the experimental design and the study timeline.

First, SEAP/GEF representatives met with each community leaders to explain the program.
Community leaders then invited people to a community meeting. During this meeting, a small
information session was conducted, in which interested households and business owners were
asked to contemplate the potential for income-generating activities that can be made more
productive with electricity. These information sessions were either provided by the research
team or by SEAP/GEF representatives. Only at the end of the information session, a donor
program that supports these income-generating activities by providing subsidies for electric
appliances was announced. At this stage, interested potential beneficiaries were also informed
that there would be a selection on the individual level, as well as a randomization at the
community level. They were asked to fill out an application form, in which they outlined the
need for and potential use of an electric appliance. The type of appliance could be chosen
freely, and multiple complementary appliances could be requested, with a maximum amount
of USD 1,000 per application. The research team and SEAP/GEF representatives provided
support in filling out the forms, and potential beneficiaries could submit up to one month after

the community meeting through their community leader.
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The meetings were organized in 117 communities. We oversampled communities to ensure
that we would end up with a large enough number of communities with sufficient demand.
After the submission deadline, 94 communities submitted forms. Of those, the average
community had 51 applications, but with large variation across communities (we received

between 2 and 300 applications per community, the median is 29).

All applications were digitized by the research team, and non-eligible applications were
excluded digitally. Non-eligible applications were those that missed key information to
identify the potential beneficiary or the requested appliance, where the potential beneficiary
was not connected to the grid or did not apply for an electric appliance, or with an amount of
required funding above USD 1,000. In total, 16% of all applications were excluded. The
remaining applications were screened by a team of government officials® during a workshop
organized by the researcher team. The government officials selected the most promising
applications per community, considering that each community could receive approximately
USD 1,500 in total. The selection process resulted in a final sample of 84 communities with

three to six selected beneficiaries (henceforth “applicants”) per community.

Immediately after the selection procedure, we conducted a baseline survey in May-July 2022.
32 enumerators surveyed three groups of respondents: (1) 360 selected applicants (applicant
survey), (2) 165 village leaders of each administrative village within the 84 participating
communities (community survey) and (3) 867 randomly sampled businesses that we chose from
a list of all businesses in the community, compiled by the village leader and excluding the

. e .
applicants’ businesses (business survey).

Next, we randomly selected treatment communities during a public lottery. We invited one
leader from each participating community for the sake of transparency. We opted for 30
treatment and 54 control communities to accommodate budget constraints induced by the
grants, while simultaneously considering statistical power. We stratified the randomization on
two criteria; First, who provided the information sessions during the community meetings
(either the research team or SEAP/GEF representatives, as described above), to account for the

difference in implementation which could potentially affect the number and quality of

3 These were officials responsible for business startup, business development or employment promotion. Each
district in our study sent one official who was in charge of the selection of beneficiaries for communities in
their district.
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applications, and second, on whether the community has a market. We expected communities

with markets to benefit more from the grants.

After the randomization, all applicants in treatment communities received the requested
appliances. The research team delivered larger appliances directly to the applicants and
provided technical support for the installation if needed. Smaller appliances were delivered to

the district office, where applicants picked them up.

An overview of all appliances and their average Wattage can be found in Figure 2. In total, 185
appliances were distributed to 130 applicants in 30 treatment communities. The average
appliance consumes 1300 Watts. The average value per treated applicant is USD 380.* Some
applicants requested and received more than one appliance, if the distributed appliances were
low-cost and complementary. For example, hairdressers often received a razor and another
appliance, such as a hairdressing helmet, a curling tong or a radio. Welding machines are also

sometimes combined with sanders and sewing machines with irons.

Figure 2: Appliances distributed in the treatment group

30 8000
.
7000
" 25 r
[J]
o 6000
c
82
e 5000
Qo -
(0] -
u 15 4000 O
S =
[
g . 3000
10
IS
=] . 2000
=2
5 . .
~ . A ® 1000
. o .
0 . ° . 2 . . . . . . . 0
< e < S S < ' < ) e Ky e Ky < D X <
Q@xo S (‘9\{\ 6\\\@ Q\g@ (\bz ( \(\‘e {é\o \Q@@ é&e &\\\z O&l— 'bb\ & K @O < *3‘5&\ (;,’b Qk\z é,\\oz 5,} Q:S& bob@
& L e & S < k*"% ,Q& N n &« (,S® \%@ & é\ R f
& & & C & Qb e & 9 o &
S I ¢ ¢ & B S
o & SR & & T
. 2 Ry &£
3 N

Frequency e Average wattage

In July-August 2023, one year after disbursing the appliances, we revisited all communities for
a follow-up survey. The surveys were conducted during the harvest period of the main
agricultural season, when household income is at its peak. We surveyed the same respondents

as during baseline, and additionally also 1205 households to measure spillovers (household

4 We use the 2022 exchange rate of 1 USD = 1030 RWF throughout.
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survey). Up to 15 households per community were sampled by conducting a random walk in

the center of the village.

3.3 Baseline descriptives

Table 1, Panel A summarizes differences between treatment and control communities at
baseline, elicited through the community survey. On average, communities consist of two
administrative villages. We aggregated the data from surveys with leaders from the different
administrative villages to obtain a community-level variable. At baseline, the average
community has a population of 390 households. As is common in rural Rwanda, almost all
communities in our sample are connected to the main road via a dirt road. During the rainy
season most of these roads are difficult to use and some communities are even temporarily
inaccessible after heavy rains. There are approximately 16 businesses in each community, and
most have an electricity connection. Community leaders estimate that on average 50% of all
households have a grid connection, although most use it only for residential and not for
income-generating purposes. The major sources of income are agricultural and pastoral
activities, and only 5% of households generate the main share of their income from self-
employment. We believe that the communities in our sample are highly representative for

many recently connected rural communities in Rwanda and Sub-Saharan Africa.

Table 1, Panel B shows the baseline values and balance checks for key variables in the applicant
survey. Almost half of the qualifying applicants are female, and the average applicant is 35
years old. Over two third of the applicants have some self-employed activity. Note that, at the
household level, it is possible to have multiple self-employed businesses. 39% of applicants
apply for the program to request an appliance for an existing business. This number is higher
in the treatment group, and we control for this imbalance in our main regressions. At baseline,
43% of the applicants already own an electric appliance (excluding mobile phones and lamps;

mostly televisions or radios), which is mainly used for non-productive purposes.
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Table 1: Balance in community and applicant characteristics at baseline

Control Treatment
n mean sd n mean sd difference
Panel A: Community characteristics
No. of administrative villages 54 2.00 1.01 30 1.90 0.88 -0.115
(0.194)
No. of households 54 392.70 210.60 30 425.70 254.18 29.354
(48.308)
Has a market 54 0.39 0.49 30 0.40 0.50 -0.005
(0.051)
Connected by dirt road 54 0.93 0.26 30 0.90 0.31 -0.025
(0.065)
Low quality of road during rainy season 54 0.80 0.41 30 0.87 0.35 0.073
(0.082)
No. of businesses 54 16.56 10.27 30 16.87 12.89 0.153
(2.448)
No.of different business types 54 5.35 2.33 30 5.23 2.67 -0.152
(0.525)
Share of businesses connected to the grid 54 0.93 0.13 30 0.90 0.18 -0.035
(0.037)
Share of HH connected to the grid 54 0.52 0.23 30 0.45 0.24 -0.069
(0.054)
Share of HH with main share of income generated from...
Agricultural activities 54 0.43 0.18 30 0.50 0.18 0.065
(0.041)
Pastoralist activities 54 0.20 0.09 30 0.24 0.17 0.039
(0.033)
Casual wage employment 54 0.28 0.18 30 0.18 0.12 -0.093***
(0.033)
Salaried employment 54 0.04 0.04 30 0.04 0.04 -0.005
(0.010)
Business (Self-employment) 54 0.05 0.05 30 0.05 0.05 -0.006
(0.011)
Panel B: Applicant characteristics
Female 222 0.44 0.50 130 0.48 0.50 0.044
(0.057)
Age 222 35.41 10.86 130 36.64 11.83 1.236
(1.271)
Received post-primary education 222 0.50 0.50 130 0.47 0.50 -0.030
(0.067)
Has self-employed activity 222 0.79 0.41 130 0.76 0.43 -0.031
(0.061)
No. of HH members 222 5.14 1.82 130 5.53 2.26 0.394
(0.299)
Applies for existing business 222 0.34 0.48 130 0.48 0.50 0.135%*
(0.069)
Owns an electric appliance 222 0.41 0.49 130 0.45 0.50 0.040
(0.074)

Note: Community characteristics are obtained by aggregating data from surveys with village leaders within one community. Continuous
variables and shares are added up across different villages. “Has a market” has value 1, as soon as one of the villages does. “Connected by
dirt road” and “quality of road” is calculated as the mode across the different villages within a cluster. Applicant characteristics are retrieved
from the applicant survey. “Has self-employed activity” refers to any self-employed activity by the applicant. “No. of household members”
includes the applicant. “Owns an electric appliance” excludes mobile phones and lamps.

86



3.4 Attrition

During the endline data collection, we surveyed 97% of the applicant sample, using a two-
phase tracking approach in which we first attempted to conduct in-person surveys with all
applicants and then phone surveys with those that could not be reached in person. We
successfully surveyed 82% of the applicants with an in-person survey, and another 15% with
a phone survey, leading to the 97% tracking rate overall. The phone surveys consisted of a
shorter questionnaire where we elicited the main outcome variables only. Although the overall
attrition rate is extremely low at 3%, differential attrition for the different treatment arms
across survey mode may pose a concern. In the first phase, the attrition rate was higher in the
treatment group (Appendix B, Table A2). We conduct an analysis of the correlates of attrition
and find that some baseline characteristics predict attrition in the in-person surveys (Appendix

B, Table A3). Therefore, we control for survey mode in our main specifications.

4. Results
4.1 Estimation Approach
We estimate the impact of the treatment on our primary and secondary outcome variables

using the following Ordinary Least Squares model:
Yia = a+ B1Tig + 61Xiq + 62Ciq + &g (1)

Y;, represents the outcome of interest for applicant 7 in community a. Tj, is a dummy variable
equal to 1 if the community is randomized to the treatment group and 0 otherwise. X;, is a
vector of randomization strata. We additionally control for whether the applicant had an
existing business at baseline, as this variable has been imbalanced at baseline and for survey
mode, as described above (C;,). Standard errors (g;,) are adjusted for clustering treatment at
the community level. The coefficient ; provides the intent-to-treat (ITT) estimate for the
impact of the intervention on the individual i in community a. The treatment consists of the
provision of electric appliances. Since both treatment and control communities received
support in filling out the application forms, our study measures the impact of receiving the
grants only. For outcome variables for which we also have baseline data, we additionally

estimate a difference-in-difference specification (See Appendix C).
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4.2 Adoption and appliance ownership

The intervention was implemented successfully in that the appliances were delivered and
picked up (see Table Al). Among all treated applicants, all but one applicant report to still own
the appliance today. The majority of applicants report that they found the appliance useful
and that it increased their production. 84% still use the appliance one year after disbursement.
Yet, 9% of the treated applicants migrated and no longer use their appliances in the original

community.

As intermediary outcome, we assess whether the intervention impacts applicants” ownership
of electric appliances. Table 2 shows that this is the case, both at the extensive (Column 1) as
well as the intensive margin (Column 2). The treatment increased appliance ownership by
116%, compared to the control mean of 37%. Compared to baseline, we do not see an increase
in appliance ownership in the control group. This indicates that the call for applications and
the information session, which were implemented in both the treatment and control group,

are unlikely to have triggered the purchase of appliances in the control group.

Table 2: Ownership of electric appliances

(1) (2)
Any electric appliances Number of electric appliances
(dummy)
Treatment 0.423™" 1.015"
(0.05) (0.20)
Strata FE Yes Yes
Baseline controls Yes Yes
Survey mode Yes Yes
Control mean 0.366 0.954
N 340 340
R2 0.289 0.197

Note: Appliance ownership refers to all appliances (excluding mobile phones and lamps) owned and used in any businesses in the applicant’s
household.

4.3 Electricity consumption, profits and employment among applicants

Table 3 shows the ITT effects for the primary and secondary outcomes on the applicant level.
Panel A shows the data grouped for all businesses in the applicants” household. This includes
the application business (i.e. the business for which the applicant requested the appliance), as
well as other businesses of the applicant or other household members. Thus, this metric
includes intra-household spillovers on other businesses. Panel B shows the outcome variable

only for the application business.

As primary outcome, we test whether the intervention increases applicants’ electricity
consumption. In our pre-analysis plan, we listed three indicators for electricity consumption,
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in order of preference. Our preferred approach is to use administrative consumption data,
collected by REG. Yet, we have not received this data for every district yet. Our second
preferred indicator is self-reported average monthly consumption. We elicit this by asking
respondents about the recharge date and amount for their last three electricity bills. If possible,
we asked respondents to see a digital receipt of their bills. Unfortunately, more than two third
of the applicants were unable to provide us with information on their bills. Therefore, we resort
to the third indicator; electricity consumption calculated by multiplying self-reported
appliance ownership with average weekly usage times and average Wattage per type of
appliance. This indicator is reported in Table 1, Column 1. Applicants in the control group
consume 73 kWh per month on average. We find electricity consumption in the treatment
group to be almost five times as large (Panel A). This increase is largely driven by increased
consumption in the application business (Panel B). Importantly, we note that average
consumption levels are very high according to this indicator, especially given the average
consumption levels in rural Rwanda (see Masselus et al., 2024). When looking at the self-
reported average consumption based on the last three bills for the 104 respondents who
reported it, we find that average consumption in the sample is only 19 kWh per month on
average. Therefore, we consider the results in Table 1 as preliminary, and we will carefully

consolidate the data upon reception of the administrative data.

As secondary outcomes, we look into profits and employment. We measure profits as total
income after paying all expenses, in the four weeks before the survey. On the household level,
the average profits in the control group are USD 37 per month, and this does not differ from
the treatment group (Panel A, Column 2). Compared to very low baseline levels, businesses in
the treatment group have more employees, both when looking at employment as a dummy
variable and a continuous variable. The effect sizes are 79% and 58% of the control mean
respectively (Panel A, Column 3 and 4). When looking at the application business, we find an
effect size of 73% for business profits (Panel B, Column 2), and a large increase in employment,
158% and 197% respectively, both variables highly statistically significant (Panel B, Column 3).
At least for profits, there results hint that there may be a shift of resources within the household

towards the application business.
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Table 3: Primary and secondary outcomes

(1) (2) (3) (4)
Panel A: All Businesses Consumption Profits Employment Employment
(kwWh/month) (UsD) (dummy) (count in FTE)
Treatment 270.929"* 0.586 0.099™" 0.141
(66.87) (7.50) (0.04) (0.09)
Strata FE Yes Yes Yes Yes
Baseline controls Yes Yes Yes Yes
Survey mode Yes Yes Yes Yes
Control mean 72.969 37.010 0.125 0.242
N 340 340 340 340
R2 0.109 0.034 0.085 0.083
Panel B: Application business
Treatment 275.712"" 12.524™ 0.131™*" 0.227""*
(61.89) (4.59) (0.04) (0.07)
Strata FE Yes Yes Yes Yes
Baseline controls Yes Yes Yes Yes
Survey mode Yes Yes Yes Yes
Control mean 48.613 17.230 0.083 0.115
N 340 332 340 340
R2 0.131 0.133 0.076 0.091

Note: If the applicant business did not exist at endline, we code all variables in panel A as zeros. Business profits is measured as profits in the
last 4 weeks. The variable is winsorized to contain outliers, as pre-specified. The number of paid employees and the dummy for paid
employment are calculated by adding up paid part-time and full-time employees. For part-time employees, we weight the number of
employees by the total average working hours.

5. Conclusion

This paper documented the study design and the vigorously pre-specified analysis of our RCT
on large in-kind grants for connected households and microenterprises. The results are very
preliminary since especially our key outcome variable, electricity consumption, needs to be
carefully consolidated upon reception of the administrative data. We — preliminarily -
conclude by emphasizing the sensitivity of electricity consumption data to the mode of
elicitation. Both data sources have potential shortcomings, self-reported data is more prone to
misreporting, but administrative data is more difficult to obtain and match correctly with our
data. It will need to be pondered carefully which data source is more reliable in the specific

case.

If our findings on firm profits and employment are to be consolidated and corroborated with
patterns in the consumption data, our study provides a proof-of-concept for how impacts of
electrification can be amplified. The findings from this paper will also be relevant for policy
makers, both in Rwanda and across Sub-Saharan Africa. On both levels, fostering average
consumption levels is key to improve revenue collection and hence ensure the long-term

sustainability of their grid access policies. This is particularly important in the light of the
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universal access goal, which requires extending the grid network at increasing costs, to poorer
consumers. However, the extent to which the additional impacts justify the costs also remains

to be examined.
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Appendix

Chapter 3

A. Tables and Figures

Figure Al: Experimental design and timeline
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Table Al: Descriptive statistics on distributed appliances

count mean sd min max
Received an appliance 124 1.00 0.00 1 1
Received appliance exactly as expected 124 0.86 0.35 0 1
Still owns the appliance 124 0.99 0.09 0 1
Appliance currently used 123 0.84 0.37 0 1
If not currently used: Appliance was never used 20 0.45 0.51 0 1
Rents out appliance 123 0.07 0.26 0 1
Made complementary investment 124 0.43 0.50 0 1
Appliance broke but fixed 124 0.23 0.42 0 1
Appliance broke and not fixed 124 0.06 0.23 0 1
Appliance useful 124 0.91 0.29 0 1
If useful: Appliance still useful today 113 0.98 0.13 0 1
Increased production because of appliance 123 0.91 0.29 0 1

B. Attrition

Table A2: Test for differential attrition by survey mode (applicant survey)

(1)

Attrited (no interview)

Attrited (no in-person interview)

()

b/se b/se
Treatment 0.020 0.133"

(0.03) (0.05)
STRATA FE Yes Yes
Control mean 0.027 0.131
N 352 352
R2 0.013 0.035

Note: the outcome variable for column 1 is a dummy for whether we have a completed endline interview. The outcome variable for column

2 is a dummy with value one if we have no in-person interview.
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Table A3: Test for selective attrition by survey mode (applicant survey)

Treatment Control Difference
TR TA CR CA TR-CR TA-CA TR-TA CR-CA

Female 0.50 0.44 0.46 0.34 0.044 0.076 -0.033 -0.116

(0.059) (0.141) (0.094) (0.104)
Age 38.17 32.32 35.76 33.03 2.363* -0.536 -6.172%** -3.270

(1.382) (2.611) (1.943) (2.097)
Received post- 0.43 0.59 0.49 0.59 -0.066 0.025 0.216** 0.117
primary education

(0.073) (0.143) (0.106) (0.101)
Has self-employed 0.77 0.74 0.78 0.86 -0.017 -0.111 -0.023 0.080
activity

(0.064) (0.111) (0.080) (0.074)
No. of household 5.80 4.76 5.13 5.17 0.698* -0.604 -1.187** -0.024
members

(0.362) (0.487) (0.500) (0.311)
Applies for existing 0.49 0.44 0.34 0.34 0.143* 0.131 -0.040 -0.003
business

(0.074) (0.122) (0.102) (0.099)
Owns an electric 0.48 0.00 0.41 0.67 0.064 -0.508 -0.429*** 0.310
appliance

(0.071) (0.281) (0.075) (0.187)

Note: TR indicates treatment respondents. TA indicators treatment attritors, CR indicator control respondents and CA indicates control

attritors.

C. Difference-in-difference regression

Our pre-analysis plan outlines that we would estimate the impact of the treatment on our
primary and secondary outcome variables using the following difference-in-difference (DiD)

regression:
Yiar = @+ B1Tiq + BoPosty + B3(Tiq X Posty) + 6, Xt + 8,C0 + Eigr (1)

Where Y,; represents the outcome of interest for applicant i in community a at time t. Post; is
a dummy variable equal to 0 before treatment (at baseline) and equal to 1 after treatment (at
endline). X;; is a vector of randomization strata. We additionally control for whether the
applicant had an existing business at baseline, as this variable has been imbalanced at baseline
(Ciq)- Standard errors (g;4,) are adjusted for clustering treatment at the community level. The
coefficient 3 will provide the DiD estimate for the impact of the intervention on the individual

i in community a. The treatment consists of the provision of electric appliances. Since both
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treatment and control communities received support in filling out an application, our study

measures the impact of receiving the grants only.

Because we lack information about the applicant business from baseline, we present the DiD

estimates for the primary outcomes here, instead of in the main tables.

Table A4: Secondary outcomes (DiD regression)

(2) (3) (4)
Panel A: All Businesses Profits Employment (dummy) Employment
(USD) (in FTE)
Treatment x Endline -365.510 0.116" 0.093
(3065.30) (0.06) (0.20)
Strata FE Yes Yes Yes
Baseline controls Yes Yes Yes
Survey mode Yes Yes Yes
Control mean 37.010 0.125 0.242
N 675 680 678
R2 0.196 0.071 0.031
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CHAPTER 4

Whom to ask? Testing Respondent Effects in Household Surveys

With Nathan Fiala

Household questionnaires typically survey the most knowledgeable
household member, but this can lead to inaccurate data if they have
limited information. Using data from survey experiments with 4,100
households in Paraguay and Uganda, we investigate whether there are
discrepancies in intra-household reporting when multiple household
members are interviewed. We randomly vary who responds to a survey
on household income and food consumption using common approaches
to respondent selection. We find that the mean and distribution of these
variables is insensitive to respondent selection. However, there are
discrepancies between spouses of the same household in Uganda that
depend on the gender of the respondent or recipient of the income. Taken
together, our results indicate that respondent selection does not
markedly affect the aggregate analysis of households, but that it may
matter for obtaining accurate information on income and consumption
for a given household or by gender.

Keywords: Survey Methods, Respondent Effects, Proxy Reporting, Intra-household

Economics

This paper is published as: Masselus, L., & Fiala, N. (2024). Whom to ask? Testing respondent effects in
household surveys. Journal of Development Economics, 168, 103265.
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1. Introduction
The surge in primary data collection through household surveys is accompanied by an
increasing need to understand how to collect accurate data through interviews (De Weerdt et
al., 2020; Dillon et al., 2020; McKenzie and Rosenzweig, 2012). Survey design decisions, such
as whom to survey or what to ask, can have substantial implications that affect conclusions

from econometric analyses and key stylized facts of development (De Weerdst et al., 2020).

Our study provides experimental evidence on the sensitivity of welfare measurement to
respondent selection in household surveys. As outcome variables, we look at income and food
consumption, two key economic indicators used by researchers and policymakers. We
investigate discrepancies between three common methods of respondent selection and
identify a cost-effective way to obtain high quality data. We implement a standard
questionnaire in a sample of 4,100 loan applicants in rural Uganda and Paraguay. In Uganda,
we randomly vary whether the survey is administered to one spouse only, both spouses
together, or both spouses separately. This allows us to compare whether reported income and
food consumption vary between individual, household interviews, and proxy interviews. In
Paraguay, we conduct a shorter experiment in which we vary whether the income survey is

administered to the female spouse, or to the couple together.

Respondent selection protocols can differ significantly across survey instruments and across
survey modules. A common interview approach is to survey the most knowledgeable
household member, often the household head, who then serves as a proxy for other household
members. This is done to minimize survey costs and non-response, and because it is often
assumed that information flows perfectly within the household. However, surveying only one
household member could potentially lead to measurement error because of intentional hiding,
selective reporting or incomplete or erroneous information within the household. These
concerns can be solved by surveying multiple household members who each report on
themselves, an approach that is generally considered as best practice (De Nicola and Giné,
2014; De Weerdt et al., 2020). Intuitively, self-reporting may result in more accurate
information but comes at a logistical and monetary cost compared to reporting by proxy. It is
also not clear whether several household members should be surveyed together or separately

from each other. While interaction between spouses in a joint interview may be beneficial,
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information hiding between spouses could still result in biased responses. Instead, privately

administered interviews with multiple household members may be ideal.

We find limited sensitivity of aggregate household income and consumption to our different
methods of respondent selection. For household income, we find small effect sizes that are
insignificant at conventional levels in both countries. We also do not see a difference in the
distribution of household income. For household food consumption (administered in Uganda
only), we do not see differences between joint surveys and surveys with one spouse alone.
Spouses who are surveyed separately from each other report lower consumption compared to
households where only one spouse is interviewed, or joint interviews, though the effect size is
small. Together, these findings suggest that respondent effects in this setting is unlikely to bias
empirical analyses that focus on average treatment effects for household income and

household food consumption.

Digging deeper, we do find some evidence suggesting imperfect intra-household information
flows. First, we disaggregate income by the gender of the income earner and the gender of the
respondent. We find systematic differences between genders that are cancelled out when
looking at aggregate household income across all respondents. In Uganda, female respondents
report lower household income when being surveyed alone, compared to interviews with their
spouses. For male respondents, we see lower reporting of spouse income and higher reporting
of own income when surveyed alone, but the effect cancels out for aggregate income. For
household consumption, we do not find heterogeneity across respondents. In Paraguay, we
find that female respondents report higher own income and lower spouse income when being
surveyed alone. Again, these effects cancel each other out for household income. Second, when
looking at reports from spouses in the same household in Uganda, we find large discrepancies
between members of the same household, though these do not seem to be systematic. This
suggests that respondent selection may matter for obtaining accurate information through a

household questionnaire, depending on the objective of the data collection.

To inform survey design choices, we also document the response rates and survey costs of
each approach. We show that in our two surveys there is a trade-off between costs and
response rates when surveying multiple household members. Separate surveys lead to higher

response rates, but they also impose the highest survey costs per household, compared to joint
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surveys. While costs and response rates will differ across study settings, this illustration allows

readers to assess potential trade-offs for respondent selection.

Finally, as enumerators were randomly matched with respondents, we also shed light on
enumerator effects and survey design effects as potential sources of measurement error that
may interact with the identified respondent effects. Similar to Di Maio and Fiala (2020), we
find no evidence of enumerator effects. We also argue that other survey design effects are
unlikely to affect our findings. We end by elaborating on some mechanisms that may explain

respondent effects.

This article adds to a burgeoning literature that explores survey design issues in the Global
South.! Next to respondent effects, this literature addresses questionnaire design issues,
survey mode effects and enumerator effects.? Typically, the effects of respondent selection are
evaluated using non-experimental approaches. These studies either analyze data from
concurrent surveys with different approaches to respondent selection (Kilic et al., 2021, 2023)
or, more commonly, rely on comparisons within the same household. In the latter case, two
spouses are surveyed separately to assess if reporting differs (Ambler et al., 2021a; Chen and
Collins, 2014; De Nicola and Giné, 2014; Doss et al., 2018; Fisher et al., 2010). This design is
interesting as it allows researchers to estimate discrepancies and their determinants within the
same household and assess whether systematic bias by gender exists. However, the main
caveat of interviewing multiple household members separately is that it could lead to
conditioning by either the enumerator or the respondents, or that respondents reply
strategically to be consistent with their partner. Thus, this approach does not reflect a business-
as-usual scenario where one household member is surveyed (De Weerdt et al., 2020; Galdo et
al., 2021). Survey experiments like ours are needed to assess the causal effect of respondent

selection and to understand how discrepancies affect the averages across treatment arms.

1 For a long time most of the existing evidence stemmed from high-income countries (Sudman and Bradburn,
1974). The present study is part of a growing body of work that aims to understand the implications of the main
strategies commonly used for collecting data in the Global South.
2De Weerdt et al. (2020) and Carletto et al. (2021) provide a comprehensive overview of this literature. For studies
on survey design effects, see for example Abay et al. (2022), Ambler et al. (2021a), Beaman and Dillon (2012),
Beegle et al., (2012a, 2012b), De Mel et al. (2009), De Nicola and Giné (2014), Heath et al. (2021), Laajaj and
Macours (2021), Nillesen et al. (2021), Peterman et al. (2021), Reitmann et al. (2020). For survey mode effects,
see Garlick et al. (2020). For enumerator effects, see Di Maio and Fiala (2020). For survey design features affecting
income and consumption measurement, see Carletto et al. (2022).
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To date, there are only few experiments in the Global South that assess the impact of
respondent selection, and existing studies draw mixed conclusions. Bardasi et al. (2011), Dillon
et al. (2012) and Serneels et al. (2017) randomly vary the respondent (self or proxy) in a large-
scale survey experiment in Tanzania. They find that proxy reporting has no effect on reporting
of the female employment rate but substantially lowers the male employment rate (Bardasi et
al., 2011). In contrast, for child labor reporting and returns to education, respondent selection
does not play an important role (Dillon et al., 2012; Serneels et al., 2017). Dammert and Galdo
(2021) and Galdo et al. (2021) study the effect of respondent selection (self versus proxy) on
reporting child and adult labor in rural Ethiopia. For adult farm labor, they find that proxy
respondents report lower farm labor compared to self-reporting for men but not for women
(Dammert and Galdo, 2021). For child labor, they find that proxy reporting leads to
underreporting of girls’ labor at the extensive margin compared to self-reporting. This does
not hold for boys and not at the intensive margin (Galdo et al., 2021). Kilic and Moylan (2016)
test five approaches to respondent selection and conclude that the respondent type influences

the individual-level measurement of ownership and control of assets.

We contribute to these experimental studies using data from two large samples in two diverse
settings. We introduce experimental variation using three commonly used data collection
methods. Our randomized study design allows us to causally estimate the impact of different
methods of respondent selection on important welfare indicators. Moreover, our data also
allows us to assess within-household discrepancies and therefore also offers an interesting

complement to the non-experimental literature.

The structure of this article is as follows. The next section discusses the country context,
respondent selection protocols and questionnaire design. Section 3 discusses the experimental
design and response rates. Section 4 outlines the econometric framework and results. Section

5 digs into potential confounders and mechanisms and section 6 concludes.

2. Background

2.1 Country context
Data for this study was collected during the baseline survey for an experimental evaluation of
microfinance programming in Uganda and Paraguay. All study villages were chosen by our
local partners as areas with high potential for microfinance expansion. Within the village,

respondents were pre-identified as farmers and entrepreneurs who expressed interest in a
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microloan. The sample for the survey experiment consists of all loan applicants who have a
spouse or partner, resulting in a sample of 2,564 households in Uganda and 1,576 households

in Paraguay.

In Uganda, the study covers seven districts in the Northern region. Income flows among
respondents are highly irregular. All households in our sample engage in farming activities as
their primary livelihood and 65.3% of the households earn an income from crop farming or
livestock rearing at the time of our survey. Qualitative interviews reveal that agricultural labor
is largely shared within households, with clear gender roles. Women are usually in charge of
harvesting and threshing while men oversee bagging and marketing. Apart from farming,
households also engage in self-employment® (52.5% of the sample) and occasional wage labor*
(34.1%), which are characterized by irregular flows of money, usually earned through one
household member’s labor. Only a minor share of households (6.4%) earns a regular income

through salaried employment.

The male household head usually exerts substantial control over household resources, which
could create incentives for women to hide or underreport income from their spouse. Fiala
(2018) documents that spouses in Uganda are willing to hide money from each other, even at
a significant cost. This is more pronounced for women, as men have control over household
resources and therefore less incentives to hide income. A priori, it is unclear who should be
surveyed in Uganda for income. If information is pooled perfectly within the household,
surveying one knowledgeable household member would lead to accurate information. Given
the irregularity of income and the gender roles in agriculture, surveying multiple household
members together may lead to more accurate information, but only in the absence of income
hiding, in which case separate surveys with multiple household members would be required.
For consumption, men are expected to contribute money for food, but women are responsible
for purchasing food and for cooking and may therefore have better knowledge about the value
of food consumed inside the home. Food away from home is often bought and consumed by
men, so women may not have accurate information, resulting in ambiguity on who should be

surveyed on household food consumption.

3 The most common forms of self-employment are food vending, agricultural processing (e.g. brewing) or burning
and selling charcoal.
4 This includes construction work, caring for someone’s animals, farm work at someone else’s farm or
transportation.
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In Paraguay, respondents come from nine departments across the country. Gender norms are
pronounced, and childcare duties and cooking are usually performed by women. In terms of
economic activities, women are often responsible for animal rearing, processing of agricultural
products and vegetable gardening (Fletschner and Carter, 2008). In our sample, the largest
share of household income is earned by male household members through self-employment
and farming. The female respondent contributes roughly one third to the household income
at the time of surveying. The women in our sample all own a business or intend to start one.
These are usually small shops, handicraft activities or animal breeding activities. Additionally,
the majority of women has access to a small plot of land for cultivation. Most of the food
produced on these plots is for own consumption, but a small amount of cash is earned by
selling leftovers to neighbors or at the local market. During qualitative interviews, women
expressed that they usually operate relatively independently in their businesses and vegetable
gardens and that they manage their own income from these sources. For the family farm, labor
is often shared but it is usually the male spouse who is responsible for selling. Fletschner and
Mesbah (2011) find that financial information is not shared between spouses in rural Paraguay,
suggesting that knowledge may not be pooled. Information asymmetries on income within
the household would require surveying multiple household members, recognizing that joint

interviews would only result in accurate data in the absence of income hiding.

Seasonality of income could affect both the level of income and consumption. In Uganda,
where most respondents rely on farming for their living, data was collected between January
and March 2020, after the harvest of the second agricultural season and when income and
consumption are at their peak. In Paraguay, the data was collected over a longer period,
between March and August 2019. Data collection mostly coincided with the dry season, which
is when the main crops in our sample are harvested, and hence income from agricultural
activities is higher than other times of the year. For livestock farming income, seasonality is
less present as animals are usually sold on a needs-basis. The timing of the survey did not

differ across treatment arms, to avoid seasonality to bias our results.

2.2 Respondent selection

There is extensive variation in respondent selection across surveys. Carletto et al. (2022)
analyze twenty multitopic household surveys, several of which are LSMS-type surveys, and

highlight that respondent selection on income and consumption can vary a lot from survey to
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survey. Desiere and Costa (2019) review protocols of four main nationally representative
multi-topic household surveys and reveal large variation in respondent selection for

employment modules.

The two most common approaches for labor modules are individual interviews with each
household member, or interviews with one proxy respondent, usually the male household
head, who reports on all household members. The former approach is implemented by the
Demographic and Health Surveys (DHS), which collects data from separate interviews with
all adult household members in which they individually report on their own and their
spouses’ employment status (Desiere and Costa, 2019). In the Labor Force Surveys (LFS) and
the Living Standards Measurement Study (LSMS), self-reporting on employment is preferred,
though not strictly required. In practice, the rates of proxy reporting in LFS and LSMS vary

widely across countries (Desiere and Costa, 2019).

Additionally, there can also be variation in respondent selection within surveys. LSMS
guidelines recommend eliciting income by source in different modules within the
questionnaire, and hence with different respondents (McKay, 2000; Oseni et al., 2021). This is
implemented in the Uganda National Panel Survey (UNPS), which requires income from wage
and salaried employment to be elicited from each household member directly. Agricultural
income should be elicited from the head of the household but with the recommendation to
consult any other household members managing the land as much as possible. Non-
agricultural business income is elicited from the household member best informed about the
business and income from properties; investments and transfers is elicited from the household
head. The section on consumption is administered to the household head, or if s/he is not
available, any other knowledgeable household member (Uganda Bureau of Statistics, 2019).
On the other hand, the national household survey in Paraguay, the Encuesta Permanente de
Hogares (EPH), consistently interviews the same respondent across survey sections. This
survey elicits information on multiple topics, including employment, labor income,
agricultural activities, and non-agricultural independent activities. The survey is administered
with each household member age 15 and above and with a knowledgeable household member

otherwise (Archive Nacional De Datos, 2022).
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2.3 Questionnaire design

This section discusses our measures of income and consumption and how this compares
against guidelines and common practices. Our survey instrument was adopted from previous
studies (Blattman et al., 2014, 2020) and piloted extensively in Uganda and Paraguay. The
design of the questionnaire did not differ across treatment arms, except for the position of the
income section in Paraguay, which we discuss below. Our study design therefore allows us to
estimate the sensitivity to respondent selection, but we are unable to test if alternative
questionnaire design choices, such as the questionnaire length, recall periods, definition of a

household or timing of the survey, interact with the respondent effects.

Obtaining an accurate measure of household income is notoriously difficult as underreporting
is common (Carletto et al., 2022; McKay, 2000). Additionally, no uniformly accepted guidelines
exist for measuring income. In line with the International Labour Organization’s (ILO)
guidelines, we define income as being all transfers received by the household that are not
arising from a reduction in net worth, either monetary or in-kind, and net of costs (ILO, 2003).
We disaggregated income questions by household member and source of income. We ask
about crop production, livestock farming, wage income, self-employment, occasional work,
transfers and other sources (details can be found in Appendix A). For farm income, we asked
about net income, meaning that the respondent was asked to subtract costs. For
microenterprise income, we align with the recommendations by De Mel et al. (2009) by asking
for the net profits in the preceding month. We weight the total business income by the share
of the enterprise owned by the household following FAO (2018) guidelines. In terms of recall
period, extensive variation exists across surveys.> We work with a recall period of four weeks

for all economic activities.

5 Oseni et al. (2021) recommend eliciting crop income by season. The FAO (2018) recommends income from
livestock to rely on recall periods from three to twelve months depending on the type of animal. The FAO (2018)
also states that “for wages and other income variables, the recall period is generally one month (FAO, 2018, p.
60)”. McKay (2000) recommends collecting wage income for the last seven days, but transfers and nonlabor
income for the last twelve months and agricultural income for the last season. See Carletto et al. (2022) for an
overview of the variety of recall periods used for income and consumption in twenty national household surveys.
This variety of recall periods makes constructing an estimate of total household income complicated (McKay,
2000).
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The measurement of consumption has better consolidated guidelines. We measure food
consumption® in line with recent recommendations (FAO-World Bank, 2018; Mancini and
Vecchi, 2022). We ask about the value of food consumed during the last seven days, including
both own-production and food received in kind, but also meals consumed away from home.
We elicit information at the food item-level and ask for 21 common food categories items

separately (see Appendix A).’

Survey design choices are consistent across treatment arms and would only affect our findings
if these design choices interact with respondent selection effects. The construction of
aggregates is uniform across our three treatment arms and should not affect findings. The
procedure for constructing aggregates follows our pre-analysis plan and is detailed in

Appendix F.

3. Experimental design

3.1 Survey experiment

We randomly assigned a respondent to the survey module(s) using three common survey
approaches. Figure 1 presents the study design. In the first treatment arm (T1), the survey is
administered to the loan applicant only. In the second treatment arm (T2), the survey is
conducted with the loan applicant and his/her spouse in a joint interview. In a third treatment
arm (T3), both spouses are surveyed separately, which means that we collect two data points
for each household. Due to budget restrictions, T3 and the consumption questions were
implemented in Uganda only. Appendices A and B provide details about the survey

instrument, along with a description of how the field work was organized.

5 We only elicited food consumption in the survey experiment, and did not include measures of nonfood
nondurable items, durable items, or housing.
7 In contrast to the 111 food items included in the UNPS, we opted to collapse the list to fewer categories to
reduce survey costs and to avoid enumerator fatigue, respondent fatigue and non-response.
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Figure 1: Experimental design

Paraguay Uganda
Survey modules | Income Income
Consumption
T1 108 clusters 100 clusters
Loan applicant | n=1063 Q n=1283 o Q
T2 57 clusters oo 50 clusters oo
Jointinterview | n=513 %\ n =649 m
T3 50 clusters
Separate n=632 ﬁ ﬁ
interview M 4]3\

Our study design was pre-specified and registered under the American Economic Association
RCT Registry (ID# AEARCTR-0005162). The pre-analysis plan outlines the study design and

the main hypothesis for income.®

3.2 Response rates and costs

Tracking is an important component of data quality. In data analysis, low response rates result
in a loss of statistical power and can lead to unbalanced samples. Potentially, more accurate
data through surveying multiple household members may come at the expense of internal
validity due to low response rates. To illustrate this potential tracking-accuracy trade-off, we
document the response rates of each treatment arm. Ultimately, the decision on who to survey

should depend on these trade-offs and the intended use of the data (Dillon et al., 2020).

Figure 1 shows the response rates for each treatment arm. Despite substantive efforts, response
rates are imperfect. For the joint survey (T2), we tracked both spouses in 76.9% of the
households in Uganda and 70.8% in Paraguay. Tracking respondents for the separate
interviews (T3) was easier, as they did not have to be available at the same time. The response
rate for separate interviews in Uganda was 89.4%. In T2 and T3, if no second respondent was

available, we surveyed only the loan applicant.

8 We label any additional non-prespecified analysis as exploratory throughout the paper. We deviate from the
PAP in three regards. First, we do not report the treatment-on-the-treated effects since we do not see treatment
effects on aggregate income. Second, we do not report the results from pooling T1 and T3 together, as this does
not affect our findings. Third, we do not pool the data from the survey experiment in Uganda and Paraguay.
While this would increase power, we now believe it would be inappropriate to pool the data given the differences
in design and context.
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Tracking spouses has also proven to be difficult in other studies. Kilic and Moylan (2016), who
have a set-up similar to ours, document high rates of non-response due to challenges in
interviewing all eligible respondents. Their response rates vary between 30 to 60% per

treatment arm.?

We also estimate the cost of a survey in each treatment arm by differentiating between costs
resulting from increased survey duration and costs related to tracking. The aggregate cost
differences between the different treatment arms will vary depending on the local context, the
organization of field work, and the ease of tracking spouses. In Uganda and Paraguay
respectively, joint surveys (T2) cost 13% and 14% more, compared to surveying only one
respondent in T1. In Uganda, the costs for separate surveys (T3) are 33% higher, compared to
T1 (see Appendix C for a detailed description). These cost calculations reveal an important
trade-off between costs and tracking. While surveys in T3 are most expensive, they also

resulted in higher response rates.

3.3 Benchmark measures

Ideally, survey experiments should use an objective measure to benchmark the outcome
variables. Unfortunately, approximating the true value of income or consumption is difficult
for respondents with little to no record keeping and in the absence of representative
administrative data (Carletto et al., 2022; De Weerdt et al., 2020). In a low-income country
context, benchmark measures of income are sometimes constructed through diaries (Beegle et
al., 2012b; De Mel et al., 2009), by using administrative data (De Nicola and Giné, 2014) or by
using consumption expenditures as a benchmark (Carletto et al., 2022). For consumption,
personal consumption diaries with frequent supervision are used by Beegle et al., (2012a).
However, none of these approaches are perfect. They are usually extremely costly as they
require frequent supervision, are not entirely error-free, and often suffer from high non-

response (Beegle et al., 2012b; De Weerdst et al., 2020; Kilic and Moylan, 2016).

Despite the absence of a gold standard, we attempt to construct a good but imperfect
benchmark for household income in Uganda by using two data points for the same household
in T3. We add up income earned by female household members, reported by the wife, and

income earned by male household members, reported by the husband. We assume that each

9 Own calculations are based on Table 2 in Kilic and Moylan (2016).
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respondent reports most truthfully on his or her own income when surveyed privately.
Additionally, we assume that household members of the same gender have the most
knowledge of each other’s income.’® While our constructed benchmark for household income
gives a sense of the direction of misreporting, we cannot interpret this as a gold standard
measure as we cannot rule out that other reporting errors, such as recall errors, telescoping or
survey fatigue, affect the reported levels. Since our survey instrument does not allow for
disaggregation of consumption per household member, we are not able to construct a similar

benchmark measure for household consumption.

4. Econometric framework and results

4.1 Econometric framework

To test whether spouses report different household income and consumption when they are
surveyed alone, together or separately, we compare the data reported by loan applicants
surveyed with their partner in T2, with the data reported by loan applicants in T1 and spouses
separately in T3. To accommodate imperfect compliance, we estimate the intention-to-treat

(ITT) effect. For Uganda, we estimate:

Yie = a+ B Tiia+ B3T3ia + 6X; + €54 1)
where Y, represents the measure for income or consumption for household 7in village a. A
detailed description of our outcome variables can be found in Appendix F. Ty;, and T;, are
dummy variables with value one if the household is allocated to T1 or T3, respectively. The
control group is T2 (joint interview). Treatment is clustered at the village level for logistical
and ethical considerations and randomization is stratified at the district level. We adjust

standard errors (¢,,) for clustering at the village level in all tables and add region fixed effects

to account for stratification. The coefficients of interest are §, and S,.

For Paraguay, we estimate the treatment effects similarly:

Yie =a+ B Tiqa+6X; + &4 2)
With Y, being the measure for income for household 7in village a. Ty;, is a dummy for separate

interviews with the loan applicant only. T2 (joint interviews) are again the control group.

10 The former assumption is based on several other studies (Bardasi et al., 2011; De Weerdt et al., 2020; Kilic and
Moylan, 2016). The latter assumption is, in our view, a reasonable assumption given the dynamics of gender
relations in Northern Ugandan households.
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Treatment is stratified at the subcounty and standard errors are clustered at the village level

in all tables.

We test for balance on socio-demographic variables and, as expected, we find that the

randomization resulted in a well-balanced sample (Appendices D and E).

Our design has sufficient power to detect meaningful changes on the main outcome variables.
The Minimum Detectible Effect (MDE) sizes for aggregate income range from 22-32% of the

control group mean in Uganda and 17-25% in Paraguay. For consumption, the MDE is 9-12%.

4.2 Main results on household income and consumption

We present the results for the impact of each treatment arm on household income and
consumption in Uganda in Table 1. We do not find a statistically significant difference in
household income between the individual survey (T1) and the joint survey (T2) (p-value 0.56).
We also do not see a statistically significant difference between our benchmark measure of
income (T3) and T1 (p-value 0.14) or T2 (p-value 0.35). The estimated effect sizes are small in

magnitude and insignificant at conventional significance levels.

For household food consumption, we do not see any differences between household
consumption reported by loan applicants in T1 and household consumption reported by both
spouses together in T2 (p-value 0.65). For T3, we find that loan applicants report lower
household consumption compared to T2 or T1. The effect size, 6.7%, is small compared to the

control group mean (p-value 0.03).
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Table 1: Main treatment effects for household income and food consumption in Uganda

Uganda
(1) (2)
Household income Household consumption
Loan applicant only (T1) -11.029 -1.157
(18.87) (2.53)
Spouses separately (T3) 24.579 -6.072**
(26.14) (2.76)
Region FE Yes Yes
Control (T2) Mean 275.338 90.009
N 2564 2564
R2 0.021 0.039
P-value T1 = T3 0.144 0.033
P-value T1 = T2 0.560 0.648
P-value T2 = T3 0.348 0.029

Note: This table reports the OLS regression results for different treatments on household income and consumption in Uganda. Outcome
variables are converted to USD PPP and winsorized at the 99th percentile by treatment arm. Standard errors in parenthesis. ***, ** and *
indicate significance at the 1, 5 and 10 percent critical level. Household income in T3 is constructed as the income earned by female household
members, reported by the wife. Income earned by male household members is reported by the husband.

Table 2 shows the results for Paraguay, where we compare household income for T1 and T2.
The results are similar as in Uganda: we do not find a statistically significant difference in
household income between the individual survey (T1) and the joint survey (T2). The coefficient

is small in magnitude and has a p-value of 0.52.

Table 2: Main treatment effects for household income in Paraguay

Paraguay
1
Household income
Loan applicant only (T1) -34.910
(54.63)
Region FE Yes
Control (T2) Mean 1056.919
N 1578
R2 0.012
P-value T1 = T2 0.524

Note: This table reports the OLS regression results for the joint treatment on household income in Paraguay. Outcome variables are converted
to USD PPP and winsorized at the 99th percentile by treatment arm. Standard errors are in paranthesis. ***, ** and * indicate significance at
the 1, 5 and 10 percent critical level.
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The above findings are robust to using different constructs for T3 income, to imputation and
winsorization (Table A6 and A7 in Appendix F), and to an alternative model specification with

dependent variables in logarithmic terms (Table A8 in Appendix F).

Apart from differences in means across treatment arms, discrepancies could also appear in
other moments of the distribution. We construct kernel density functions for household
income and consumption for the different treatment arms and conduct Kolmogorov-Smirnov
equality-of-distribution tests to assess whether the distributions across treatment arms are
equal. The figures and test statistics (Shown in Appendix G) indicate that the spread of
household income does not vary across treatment arms in either country. The p-values for the
Kolmogorov-Smirnov test range from 0.15 to 0.98. For household consumption, we find a
statistically significant difference between the distribution of consumption for T3 versus the
other two treatment arms (p-value 0.01-0.02). Again, there does not seem to be a systematic

difference in the distribution of T1 and T2 (p-value 0.76).

Taken together, these findings suggest that household income and food consumption are quite
robust to respondent selection in both samples. Any differences we find are small when
compared to the control group mean and not statistically significant. For household income,
we conclude that surveying only one household member would be a cost-effective approach
for obtaining an estimate that does not introduce bias in our setting, compared to surveys with

multiple household members. For consumption, this is less clear.

4.3 Heterogeneity by gender

The results for aggregate income and consumption could hide important heterogeneity by the
identity of the respondent or the recipient of the income. We therefor split the sample in
Uganda for income by gender of the loan applicant. This also allows for a cleaner comparison
with the sample in Paraguay, where all respondents are female. Additionally, we split
household income by the recipient (loan applicant, spouse and any other household members)
in both countries. Finally, we disaggregate household consumption by consumption inside

and outside the house and report heterogeneity by the gender of the respondent.

Table 3 shows disaggregated income in Uganda. 33.5% of the sample in Uganda are female.
The first four columns use data for female loan applicants, while the last four columns show
households with a male loan applicant. We split up the household income (columns 1 and 5)
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into income earned by the loan applicant (columns 2 and 6), income earned by the spouse
(columns 3 and 7) and income earned by any other household member (columns 4 and 8). We
find heterogeneity by income earners and by gender of the loan applicant. Looking at
aggregate income, column 1 shows that household income is lower in interviews with the
female loan applicant alone (T1 and T3), compared to joint interviews where her spouse is
present. This effect represents a 21.3% effect size for T1 compared to T2 (p-value 0.035) and a
19.4% effect size for T3 compared to T2 (p-value 0.081). This seems to be driven by reporting
lower income for all household members (columns 2 to 4), although most of these coefficients
are not statistically significant. The sign of the coefficients seems to align with information
asymmetries in the household and not with income hiding. Assuming that own reports are
closer to the truth, if income hiding were present, we would expect lower own income in joint
interviews, compared to T1 and T3, instead of higher. Section 5 dives deeper into potential

mechanisms.

For the male loan applicant, we do not see any differences in household income across the
different methods of respondent selection, but we do find that male loan applicants report
higher own income (effect size = 11.7-13.7%, not statistically significant) and lower spouse
income when being surveyed alone (effect size = 26-28.6%, with a p-value of 0.034 and 0.048).

These effects cancel each other out for household income.

Table 3: Treatment effects by gender and recipient of income in Uganda

Female loan applicant Male loan applicant
(1) (2) (3) (4) (5) (6) (7) (8)
Aggregate Own Spouse Income  Aggregate Own Spouse Income
income income income others income income income others
Loan applicant only (T1) -66.160%*  -18.617 -25.656 -7.134 10.056 25.330 -15.099%* 3.861**
(31.20) (19.78) (17.52) (4.35) (21.22) (18.16) (7.60) (1.67)
Spouses separately (T3) -60.384* -35.614*  -3.927 -11.505%***  4.215 21.680 -16.598** 1.166
(34.45) (19.01) (22.18) (4.00) (25.54) (21.87) (7.78) (1.45)
Region FE Yes Yes Yes Yes Yes Yes Yes Yes
Control (T2) Mean 310.929 126.326 138.307 18.767 259.022 184.793 58.050 4.648
N 859 859 859 859 1705 1705 1705 1705
R2 0.056 0.031 0.031 0.021 0.026 0.025 0.019 0.008
P-value T1 = T3 0.824 0.214 0.253 0.117 0.817 0.859 0.804 0.088
P-value T1 = T2 0.035 0.348 0.145 0.102 0.636 0.165 0.048 0.022
P-value T2 = T3 0.081 0.063 0.860 0.004 0.869 0.323 0.034 0.423

Note: This table reports the OLS regression results for the different treatments on household income, loan applicant income, spouse income
and income earned by all other household members in Uganda. The sample is split into female loan applicants (column 1-4) and male loan
applicants (column 5-8). In Uganda, both spouses were surveyed separately in T3, but we use data from the survey with the loan applicant.
Outcome variables are converted to USD PPP and winsorized at the 99th percentile by treatment arm. Standard errors in parenthesis. ***, **
and * indicate significance at the 1, 5 and 10 percent critical level.
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In Paraguay, the sample consists of female loan applicants only. While aggregate income is
not sensitive to respondent selection, Table 4 shows that the respondent reports higher own
income when being surveyed alone, compared to being surveyed in a joint survey. The spouse
income is lower when reported by the main respondent, compared to the joint survey. This
data is consistent with the idea that respondents underreport their own income and overreport
their spouse’s income in the joint survey, compared to interviews with the loan applicant only.
The first effect could be driven by income hiding, whereas the second effect could be caused
by information asymmetries in the household. Interestingly, the magnitude of the two effects

offset each other, which produces an accurate estimate of aggregate household income.

Table 4: Treatment effects by recipient of income in Paraguay

Female loan applicant

(1) (2) (3) (4)

Aggregate Own Spouse  Income

income income income others

Loan applicant only (T1) -34.910 53.412%*% -69.259*% -10.544

(54.63) (26.09) (35.61) (21.61)
Region FE Yes Yes Yes Yes

Control (T2) Mean 1056.919 316.301 587.773 136.438
N 1578 1578 1578 1578
R2 0.012 0.011 0.017 0.008
P-value T1 = T2 0.524 0.042 0.053 0.626

Note: This table reports the OLS regression results for different treatments on income in Paraguay. Outcome variables are converted to USD
PPP and winsorized at the 99th percentile by treatment arm. Standard errors in parenthesis. ***, ** and * indicate significance at the 1, 5
and 10 percent critical level. The loan applicant is always female in Paraguay.

For food consumption in Uganda, we asked about consumption at the household level. We
assess heterogeneity of food consumption by the gender of the loan applicant and by food
consumed inside and outside the household. This analysis is exploratory. Table 5 shows the
results. We do not see any heterogeneity by gender of the loan applicant for the comparison
T1-T2, nor by whether food is consumed inside or away from home. The lower reporting of
consumption in T3 is mainly driven male applicants reporting consumption inside the home,

although these effect sizes are small.
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Table 5: Treatment effects by gender for food consumption in Uganda

Female loan applicant Male loan applicant

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

Total Inside Outside  Total Inside  QOutside

Loan applicant only (T1) -1.265  -1.657 0.041 -0.661  -0.156  -0.368
(3.91)  (3.37)  (0.90)  (3.05) (2.68)  (0.74)
Spouses separately (T3) -2.019  -2.384  -0.048  -T.884%F -6.924%* -0.798
(3.88)  (3.33)  (1.10)  (3.42) (2.99)  (0.81)
Region FE Yes Yes Yes Yes Yes Yes
Control (T2) Mean 87.203 78.177 9.231 91.296 79.681  11.426
N 859 859 859 1705 1705 1705
R2 0.045  0.056 0.016 0.045 0.048 0.022
P-value T1 = T3 0.824  0.801 0.926 0.009 0.005 0.543
P-value T1 = T2 0.746  0.624 0.964 0.829 0.954 0.618
P-value T2 = T3 0.603  0.475 0.965 0.022 0.022 0.325

Note: This table reports the OLS regression results for different treatments on household food consumption in Uganda. Outcome variables are
converted to USD PPP and winsorized at the 99th percentile by treatment arm. Standard errors in parenthesis. *** ** and * indicate
significance at the 1, 5 and 10 percent critical level.

4.4 Within-household analysis

Hitherto, most studies on respondent effects have relied on interviews with two spouses to
document high levels of discrepancy within a household that are often systematic when
aggregating by gender (Ambler et al., 2021a; De Nicola and Giné, 2014; Doss et al., 2018; Fisher
et al., 2010). Our findings complement these studies: while we do not find large differences in
the average levels across the three treatment arms, non-systematic or random discrepancies
within the household could still exist. This has important implications for policymakers and
researchers interested in the levels of certain variables, for example when questionnaires are
used for program targeting. Additionally, conducting a within-household analysis helps to

gauge the validity of using means.

We use data from both spouses in 547 households in T3 in Uganda to compare within-
household discrepancies in reported household income and consumption. We calculate the
percentage difference in household income and consumption as the difference between the
value reported by the wife minus the value reported by the husband, divided by the average
of the two values. Figure 2 presents the results for income and consumption. Each bar shows
the percentage of couples (y-axis) that differ by a certain percentage of income/consumption
(x-axis) in their reports. Values to the left of zero indicate higher male reports. Values to the

right indicate higher female reports. Values close to zero imply that the husband’s and wife’s
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reporting is almost identical. The vertical lines show the mean percentage difference. We find
high levels of disagreement between income reported by the wife and husband in the same
household, but no systematic under or over-reporting, as the mean is close to zero and the
spread is more or less similar to the right and left of zero. For household consumption, the
percentage difference between the two spouses is smaller, and again, we do not see

systematically higher reports by spouses from a particular gender.

Figure 1: Difference between husbands’ and wives’ reports of household income and consumption
for separate interviews from the same household in Uganda

Percentage of couples
4
1

UL il

T T T T T
-200 -100 0 100 200
Percentage difference wife-husband

| Income Consumption |

Note: This figure presents the values of discrepancies in reporting of household income between men and women from the same household.
Differences in income and consumption are calculated as: (value reported by wife - value reported by husband)/[(value reported by wife +
value reported by husband)/2]. Values of 200% occur when one of the spouses reported 0 income while the other spouse did not.

Our data also allows us to explore differences between self-reporting and proxy reporting for
different subcomponents of income for each spouse. This analysis is exploratory. We
document the extent and correlates of discrepancies in Table A9 and Table A10 in Appendix
H for each of the five main productive sources of income (income from crop and livestock
farming, self-employment, occasional work and wage work). Table A9 shows the self-reported
and proxy reported income for different sources of income earned by each spouse. We
calculate discrepancies between the two reports as the self-reported income minus the proxy-
reported income divided by the self-reported income. We see large discrepancies, with self-

reporting usually being higher than proxy reporting, both proportionally, but also when
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looking at the percentage differences. This is also true for male and female income, which

could explain why we do not see any systematic differences in the aggregates.

Finally, we analyze the correlates of intra-household discrepancies for aggregate income and
the five sources of productive income. As outcome variables, we use the percentage difference
between self-reporting and proxy reporting. For the choice of explanatory variables, we are
guided by the literature. Based on their literature review, Carletto et al. (2022) suggest that
gender, education level, household size and source of the income (agriculture and self-
employment versus wage income) can be correlated with income underreporting. Friedman
et al. (2017) find the number of adults in the household and the diversification of activities to
affect consumption reporting. Fisher et al. (2010) find education levels of each spouse and the

composition of the household to correlate with discrepancies in income reporting.

This exploratory analysis shows that neither the number of household members, nor the ages
of spouses, nor the presence of income hiding explains the discrepancies between self- and
proxy reporting. The gender of the applicant is correlated with discrepancies of all types of
income. For households with a female loan applicant, the discrepancies for income between
spouses are smaller. Discrepancies for the husband’s income are correlated with earning an

income from livestock.

5. Confounders and mechanisms
Our goal is not merely to document levels of reporting, but also to shed light onto why
discrepancies may occur. We first elaborate on enumerator effects and questionnaire design

effects as two potential confounders and then discuss potential mechanisms.

5.1 Confounders

Enumerator effects occur when enumerator characteristics, behavior, and skills influence
survey responses. As enumerators were randomly assigned to respondent households, we can
test for the presence of enumerator effects by estimating how much variation in the observed
responses is explained by individual enumerators. We estimate the R? in an enumerator fixed
effects regression and find very low values for the R? for our main outcome variables, ranging
from 0.004 to 0.071. We conclude that enumerator effects have little to no impact on the

reported outcome variables in our experiment. Following Di Maio and Fiala (2020), we also
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add enumerator fixed effects to our main regressions and find that our main results hold (see

Appendix I).

Questionnaire design could also affect responses (Abay et al., 2022; Ambler et al., 2021b; Kilic
and Sohnesen, 2019; Laajaj and Macours, 2021). To rule out survey effects as potential
confounders, similar survey instruments were administered across treatment arms, to the
extent possible. In Uganda, the position of the income section was consistent across the
treatment arms to rule out survey fatigue and the position of questions as a confounder. In
Paraguay, we cannot disentangle the respondent effect from the survey fatigue effect, as the
position of the income section varied across treatment arms. In T1, the income section was
completed in the middle of the survey whereas for logistical considerations, in T2, the income

section was completed at the end of the survey.

5.2 Mechanisms

While we find similar effects across two diverse samples, we are careful in translating our
findings to other settings. Understanding the cognitive activities behind the survey processes
is insightful to gauge whether our results extrapolate to other contexts (De Weerdt et al., 2020).

We discuss three mechanisms that could drive differences between treatment arms.

A first mechanism that could explain reporting discrepancies is different levels of cognitive
effort across the treatment arms. It is possible that loan applicants unintentionally exert
varying levels of effort depending on whether they are surveyed alone, with their spouse, or
alone but knowing that their spouse would be surveyed after. Additionally, for variables that
suffer from rounding errors or recall bias, two memories may be better than one for recalling
information compared to one. Finally, the main respondent may already be fatigued or primed
after answering a full questionnaire. Under this circumstance, having the spouse join in could

lead to a renewed cognitive effort that may lead to more accurate responses.

A second mechanism is strategic misreporting, which can occur when respondents over- or
underreport their income to increase their chances of participating in a program. Our sample
may be particularly prone to strategic misreporting as respondents are applying for a
microloan. We employed several strategies to minimize this risk. Loan groups were already
formed at this stage and respondents were aware that only randomization would determine
if their village was to be included in the treatment group. We thus informed respondents that
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the survey would not influence their chances of receiving a loan, and we believe this was
believed by respondents. If strategic misreporting were present in our sample, we would

expect it to affect self-reported loan applicant income more than spouse income.

A last mechanism is asymmetric information and income hiding. We look at which sources of
income are more prone to reporting discrepancies. In general, we expect regular and stable
sources of income, such as income from wage employment, to vary less across respondents.
Farm income, on the other hand, is seasonal but often earned by multiple household members,
and thus, less prone to information asymmetries within the household. In contrast, irregular
and private sources of income, such as income from business activities, are expected to be most
prone to misreporting. We decompose respondent and spouse income by activity to assess
which activities drive the above discrepancies. We are underpowered for this analysis and are
careful in drawing strong conclusions. This exploratory analysis shows that, for spouse
income, higher values in joint surveys are mainly driven by income from self-employment in
both countries. In Uganda, the spouses’ income from self-employment is 31% higher in the
joint survey, compared to spouse income reported by the loan applicant. In Paraguay, income
from self-employment earned by the loan applicant’s spouse is 135% higher in the joint survey,
compared to the survey with the loan applicant alone. Both effects are statistically significant

at the 5% level (Appendix J).

6. Discussion and conclusion

To date, there is limited understanding of the implications of survey design choices for the
measurement of key welfare indicators. Interviewing one household member as a proxy is
logistically easier and less costly, but potentially more prone to measurement error. The trade-
off between joint versus separate reporting is less clear: surveying spouses separately

potentially leads to more truthful reporting but comes at a higher survey cost.

Using a large-scale survey experiment in Uganda and Paraguay, we conclude that the presence
of spouses in household surveys, either in a joint or in a separate interview, would not affect
empirical analyses on consumption and income, at least in our sample. At the same time, we
do find evidence that the reporting of female and male income is sensitive to the gender of the
respondent. We also find large but unsystematic differences in income and consumption
between spouses from the same household. Taken together, the results indicate that

respondent selection may matter. There is of course the possibility that we study a unique set
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of households, and this result does not generalize. Neither study villages nor respondents
were randomly selected from a broader population, and our results can therefore not directly
be extrapolated to a broader sample. This is a problem for most methods studies. Yet, it is
striking that we find similar results for farmers in Uganda and microentrepreneurs in

Paraguay, two very different contexts.

Ultimately, respondent selection for household surveys will depend on the research objective.
Respondent selection can of course interact with other survey design choices. Unfortunately,
we are unable to measure these. We can speculate that how well people communicate within
the household and how well they can observe other members” actions will matter. In the
contexts that we study here, and for the variables that we target, it appears that aggregates
across the different treatment groups are unlikely to affect our analyses. This implies that the
most cost-effective survey strategy can be used. However, when asking about income earned
by separate household members, respondent selection may matter. As a first step, researchers
should ensure balance with regard to respondent selection between any comparison group in
order to reduce the likelihood of bias. An imbalance could occur if the survey strategy consists
of surveying multiple household members, and the availability of household members
correlates with some kind of treatment status. Another scenario where an imbalance could
occur is when researchers allow for respondents to consult with their spouses. Again, in cases
where the availability or willingness of spouses to collaborate correlates with a treatment
status, this could cause a systematic difference in reporting individual income. Simply

controlling for respondent selection would not solve the problem.

For policymakers who are interested in the levels of income or consumption, our findings
suggest that data needs to be interpreted cautiously as the levels of income and consumption
may differ depending on whom you ask. This may be problematic when household-level data
is used for program targeting or poverty analysis at the household level. At the very least,
researchers should be clear about how respondents were selected, maintain consistency where

possible, and follow best practices where they exist.
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Appendix Chapter 4

A. Survey design
The income survey consists of questions on the income of each household member from a
detailed set of activities (Figure A1l). The sources of income comprise crop farming, livestock
farming, salaried employment, occasional employment, and self-employment. Transfer
payments, either from public or private sources are also included. We additionally asked about
income from rent, infrequent sale of assets, and bushmeat selling in Uganda. In Paraguay, the
sources of income were adjusted to fit the context. We asked about income from crop farming,
livestock farming, salaried employment, occasional employment, and self-employment,
transfer payments, either from public or private sources, remittances, and other sources of
income. For each household member and each source of income, we asked the following
question: “How much money did [household member x] earn as income from [source y] in the last four
weeks? By income, we mean all revenue minus any expenses for that activity”. The primary variable
of interest is aggregate household income, which we calculate by adding up the reported
income earned in the past four weeks from all sources of income, for all household members.
In Uganda, we also asked about household consumption in the past seven days (Figure A2).
To obtain an estimate of the total value of household consumption, we looped through a list
of food items and asked whether anyone in the household consumed this item in the past
seven days, then, we asked to provide the value of consumption if the food item was
consumed. We elicit information on 20 food items consumed inside the house and seven food
categories consumed outside the house. Household consumption is estimated by adding up

the values for all food items.
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Figure Al: Questionnaire — Income

Questionnaire - Economic activities

Section

Income

Income sources

Question Answer

| would like to ask some questions about income sources for your household. |
am interested in all of the activities you, or anyone at your household, do to
earn money. This could be regular work or work you do occasionally.

First, | want to ask you about the types of work you and your household did in

the last four weeks.

In the last four weeks, has anyone in your household (including you) received 1

income from [list of economic activities] ? 0
-88
-99

Smallholder farming - crops

Smallholder farming - livestock or fishing

Self-employed business

Salaried employment

Casual wage employment

Pension payments

Family/friends assistance (including remittances)
Government transfers

Cash grants (for example, from NGOs, church)

Income from rents (land, housing, assets, farm inputs etc.)
Income from infrequent sales of household items or livestock
Income from selling wild game

Income from lottery or gambling

Income sources — Listing household members

How many people in your household (including you) received income from Integer
any of these activities in the past four weeks?
Please tell me the name of the household members (including yourself) that Text

received income from any of these activities in the past four weeks

[any

What is your relationship to this person?

O 00 N o Uu b~ W N

.
-
R o

Economic activities - loop through each economic activity listed above

Yes
No

Don’t know

Refused to answer

Me (respondent)
Spouse

Son

Daughter
Brother

Sister

Mother
Mother-in-law
Father
Father-in-law

Other, specify
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Who receives this income from '[Economic activity]'?

Loop through each household member

In the past four weeks, about how many days did [household member] work

at [Economic activity]?

On average, how many hours per day did [household member] work at

[Economic activity]?

How much money did [household member] earn as income from [Economic
activity] in the last four weeks? By income, we mean all revenue minus any

expenses for that activity.

Figure A2: Questionnaire — Consumption

Now | would like to ask you about consumption in your household. First, for
each one of the following food items, we want you to estimate the value of
the amount of each food that you and your household consumed in the

<b>past seven days. </b>

We are not asking about expenditure, but rather we want you to value the

actual amount that you and your household consumed in the past seven days.

For example, imagine that your household purchased a Kg of rice seven days

ago for 4.000 shillings. If your household has not yet consumed any of it, then

the consumption value of this rice would be zero. If your household has
consumed half of the Kg, then the consumption value would be 4.000/2 =

2.000 shillings.

Your consumption calculation should also include items that were produced
at home, or given to your households. For the food you grow yourself, please
think about the price you would pay at the market.

In the past seven days, did members of the household eat/drink any of the

following items within the household?

Choice list with all household members

integer

integer

integer

integer

Rice

Flour (posho, millet, cassava, sorghum,
wheat)

Legumes (soya, Beans, peas, green gram,
groundnuts, sim sim, etc)

Tubers (yams, sweet potatoes, Irish
potatoes, cassava)

Maize (boiled dry, boiled fresh, roasted
fresh)

Sugar and honey

Qil (sunflower oil, simsim oil, shea nut oil,
palm oil)

Fat, butter (magarine)

Bread (sliced bread and buns, millet
bread, matooke, pancakes)
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Vegetables (tomatoes, onions, cabbage,
dodo, avocado, etc.)

Fruit (bananas, apples, oranges, mangos,
jackfruit, pinneapple,sugarcane, pawpaw
etc.)

Eggs
Dairy (yoghurt/bongo, milk, ghee...)

Meat, including beef, pork, chicken,
sausages, canned meat, bush meat, goat,
mutton, guinea fowl....

Fish (including dried, fresh or silver fish)

Seasoning (Salt, curry powder, Royco,
etc.)

Snacks (roasted ground nuts, Sim sim
balls, chapati, chips, cassava,
samosas,yellow cassava, mandazi, donuts,
riceballs...)

Porridge and infant formula foods
Tea and coffee

Soda, juice, powdered juice, bushera, and
other non-alcoholic beverages

Beer or other alcoholic beverages

For each item: please think about the amount of X your household consumed integer

in the last seven days, if you had to buy the exact quantity of X that your

household consumed in the past seven days, how much would it cost?

Now, | would like to know about outside consumption of food and drink. That

is, | would like you to estimate, to the best of your knowledge, the value of

the household’s consumption of the following goods that took place outside

of the household. Please include gifts as well as purchases. Also include take-

away and delivery.

Within the past seven days, did the members of this household take any X Full meals (breakfast, lunch or dinner)

outside the household? Snacks (Chapati, chips, cassava, samosas, bread
Muchomo (chicken, pork, goat, beef)

If yes, what was the total value of X eaten outside of the home in the past Sodas and juices

Arege (local liquor), Kwete (local beer), local win
hibiscus)
Commercial wine, commercial beer or commerc

seven days?

Dairy products, such as milk or yogurt
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B. Field protocol
This survey experiment is part of an ongoing RCT on microcredit. The total sample of the
microcredit RCT consists of 3,064 male and female loan applicants in Northern Uganda and
2,035 female loan applicants in rural Paraguay. The study sample for this survey experiment
was reduced to all households with a spousal pair. In polygamous households in Uganda, we
focused on one principal couple. In the vast majority of cases, the main spouses were
considered to be the male household head and the first wife. In less than 1% of the couples,
the second or third wife were surveyed. In Paraguay, we surveyed the loan applicant alone if
spouses were not available. In Uganda, protocol allowed replacement of the spouse by another

knowledgeable household member.!!

Data was collected using tablets and SurveyCTO. To organize the field work efficiently, we
designed two separate survey instruments. First, the main survey was always conducted with
the loan applicant. The main survey collected data on socio-economic characteristics, and a
wide range of economic and non-economic variables. After that, a separate survey on
household income was administered, which was either administered immediately after the
main survey, if the required respondents were available, or at a later time. In T2, the joint
survey was conducted immediately after the loan applicant’s interview.!? In T3, the protocol

recommended that the loan applicant should be surveyed first, and the spouse after.! 4

In T2 and T3, respondents were informed beforehand that their partner would also be
surveyed. Surveys were conducted at or close to the house of the respondent and in complete
privacy. To ensure independent responses, the enumerator sought a quiet place where the
respondent could be surveyed without interruption, and without other household members

overhearing the interview. To ensure high response rates, the survey protocol allowed for

1 n T2, the other household member consisted of the son (13 cases) or daughter (13 cases), mother (4 cases),
sister (1 case) or grandfather (1 case). In T3, the other household member consisted of the son (9 cases), daughter
(8 cases) or brother (1 case) of the respondent.
12 Once the main survey was finished, the spouse was asked to join for the income section. This was feasible for
the majority of households. The median time gap between the end of the loan applicant survey and the beginning
of the spouse survey is 4 minutes. For 40 surveys (6% of all T2 surveys), the time gap was larger than 30 minutes.
Only 3 joint surveys in T2 were administered on a different day than the loan applicant surveys.
13 This was not adhered to in 11 cases (1.7% of all T3 surveys) where the spouse was only available before the
loan applicant was surveyed.
14 Spouses were mostly surveyed by the same enumerator. However, for logistical reasons, we allowed two
different enumerators to survey spouses from the same household when tracking was very difficult. In these
cases, another enumerator revisited the household at a scheduled time. This was the case in 14% of the T3
surveys.
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flexibility in scheduling interviews, meaning that enumerators could return to the village to

complete joint surveys or spouse surveys later.

C. Cost analysis
In joint surveys, survey duration increases slightly because the enumerator needs to ask
consent to the spouse too and because the discussion between two spouses adds to the survey

duration. In separate surveys, the same survey section is conducted twice.

Cost calculations are shown in Table Al below. We first calculate the average number of
enumerator days per village. For enumerators who visited more than one village per day, we
count each village proportionally to the number of villages visited that day, but we add 50%
to account for additional transport costs. We calculate the average costs per village by adding
the costs for enumerator days and supervisor days. We then divide this by the average number
of respondents per village to obtain the average cost per respondent. Finally, we add tracking
costs. In Paraguay, these consist of costs for rescheduling interviews for 34% of the sample in
T2.In Uganda, tracking costs consist of community mobilizer days that are used for scheduling

surveys with each respondent.

We used different tracking approaches in each country, tailored to the local context and
available survey budget. In Uganda, we used community mobilizers to visit each village before
the enumeration team and announce who would be surveyed. In Paraguay, we asked at the
onset of the interview if the spouse would be available for a joint survey after. In case the

spouse was absent, we made an appointment via phone and came back at a later time.

We calculate the average costs per survey by treatment arm by first calculating the average
number of enumerator days and supervisor days per village. We then divide this by the

average number of surveys per village and add tracking costs.

Note that these cost comparisons serve to show the cost differences relative to other treatment
arms. We did not factor in costs that are constant across treatment arms, such as data quality
monitoring (backchecks, auditing and high-frequency checks), costs for training or

programming or overhead.
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Table Al: Cost per survey by treatment arm

Average Awerage number of Cost per surve: Costs for Cost per
survey Average number of Supervisor day per | Average cost X g P Y tracking costs R survey Cost differences
) . " main respondents per (enumerator + h rescheduling _
duration  |enumerator days/village enumerator day per village N per village | . X (survey + (T1 = base)
N village transport) interviews/survey N
(min) tracking)
survey and transportation costs tracking costs
Uganda
T 100 5.45 0.15| $ 280.46 12.8 $ 2186 |$  43.00|$ 335 | $ 25.21 100%)
T2 107 5.55 0.15| $ 285.42 13.0| $ 2199 | $ 86.00 | $ 6.63 | $ 28.61
T3 121 6.59 0.15| $ 339.06 12.64| $ 26.82 |$ 86.00 % 6.80 | $ 33.63
Paraguay
T 66 3.74 0.08| $ 207.93 9.8| $ 21.30 $ 21.30 100%)
T2 76 3.90 0.08/ $ 216.55 92| $ 23.55 34%| $ 0.69 | $ 24.23

D. Summary statistics
Column 1 and 5 of Table A2 show the most common sources of income in our sample in both
countries. Multiple sources of income are possible within one household. In Uganda, where
the sample consists of subsistence farmers, the survey was administered immediately after the
harvest of the second agricultural season of 2019. 61% of households earned an income from
crop farming in the month preceding the survey, while 53% of households earned an income
from business activities in the last four weeks. The third most common occupation type in
Uganda is occasional employment (34%). In Paraguay, the three most frequent sources of
household income are occasional employment (57%), self-employment (47%) and salaried

employment (44%).

Columns 2-4 and 6-8 show the total household income from each activity in the four weeks
preceding the survey, across the different treatment arms. In Uganda, crop farming, business
income and income from the infrequent sale of items contributed most to the total household
income. In Paraguay, the highest amount of income comes from salaried employment,

occasional employment, and self-employment.
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Table A2: Summary statistics: Household Income (Uganda and Paraguay)

Uganda Paraguay

dummy  mean sd max | dummy mean sd max
Crop farming 0.61 91.53 191.21 1291 0.22 61.01 194.84 1564
Livestock farming 0.12 9.73 50.54 540 0.32 80.94 205.27 1329
Salaried employment 0.07 12.58 63.05 470 0.44 354.90  558.22 2658
Occasional employment 0.34 16.73 43.21 327 0.57 264.00 402.36 2306
Self-employment 0.53 49.71  100.83 783 0.47 177.01  334.85 1955
Pension payments 0.03 14.36 99.86 860
Social assisistance 0.20 9.48 34.49 313 0.16 26.95 81.95 508
Government transfers 0.01 0.26 3.28 59 0.24 37.54 75.55 391
Non-government transfers 0.02 0.47 3.66 39
Rents 0.11 6.20 23.99 176
Infrequent sales 0.20 44.11 153.31 1252
Selling wildlife 0.05 0.59 3.40 31
Other 0.01 0.87 9.13 102
Aggregate hh income 262.74  360.v7 2270 1027.61 855.96 5043
Observations 2564 1578

Note: Column “dummy” shows a dummy variable with value 1 if anyone in the household earned an income from this activity. The other
columns show the mean, standard deviation and maximum earned by a household in a certain activity. The minimum is equal to 0 for each
activity.

Table A3 below reports the average income per household member in each country, reported
by the different groups of respondents. In Uganda, the loan applicant (male in 66% of the
sample) contributes about 65% of the total household income. In Paraguay, the loan applicant’s
husband contributes a little over half of the household income on average, whereas the average

loan applicant contributes 34%.

In Uganda, 87% of loan applicants and 59% of spouses earned an income in the last four weeks
across the three treatment arms. In Paraguay, this number is 80% for loan applicants and 83%
for spouses. Other income earners in the household are the son of the loan applicant (8% in
Uganda and 16% in Paraguay) and the daughter (4% in Uganda and 6% in Paraguay). In a
small minority of households (1% in Uganda and 7% in Paraguay), other household members

contributed to the household income.
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Table A3: Income split up per household member, across the three treatment arms (Uganda and
Paraguay)

Uganda Paraguay

dummy  mean sd max | dummy mean sd max
Loan Applicant 0.87 170.23  289.30 1800 0.80 347.57  440.41 2150
Spouse 0.59 7294  158.52 1017 0.83 539.54  562.24 3245
Son 0.08 5.73 29.06 273 0.16 79.25 245.95 1439
Daughter 0.04 1.00 6.22 63 0.06 18.84 86.57 704
Other male 0.01 0.13 1.42 16 0.04 12.68 74.28 715
Other female 0.00 0.00 0.05 .94 0.03 4.72 29.75 215
Aggregate hh income 262.74  360.77 2270 1027.61 855.96 5043
Observations 2564 1578

Note: Column “dummy” shows a dummy variable with value 1 if anyone in the household earned an income from this activity. The other
columns show the mean, standard deviation and maximum earned by a household in a certain activity. The minimum is equal to 0 for each
activity.

E. Balance tests
We test for balance of socio-demographic variables for Uganda and Paraguay. The results are

reported in Tables A4 and A5.

From Table A4, we see that respondents in Uganda were 41 years old on average, mostly male
(69%), mostly married and self-identified as the household head. The average Ugandan
household in our sample consists of 3 adults and 4 children. In Uganda, the majority of the

sample relies on subsistence farming as their main occupation.

From Table A5, we see that respondents in Paraguay were 40 years old on average, all female
(in line with the study’s eligibility criteria), and most self-identified as the household head.
About half of the sample is married while the other half lives with a partner. The average
Paraguayan household in our sample consists of 5 household members. The sample consists
of women who either have a business or intend to start one. 31% of the respondents report

being self-employed as their main occupation.

The final column(s) in Table A4 and Table A5 report the p-value(s) for a test of balance between
the different treatment arms. In all, we find most variables to be well balanced, as we would
expect from randomization. The last two rows show the F-test for joint orthogonality. We
conclude that the randomization resulted in comparable groups across the different treatment

arms.
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Table A4: Balance on socio-demographic variables (Uganda)

Loan applicant only (T1) Spouses joint (T2) Spouses separately (T3) difference

n mean sd n mean sd n mean sd (1)-(2) (1)-(3) (2)-(3)

Age 1283 40.79 12.10  649.00 40 12.09  632.00 40.55 12 0.825* 0.082 -0.578
(0.497) (0.509) (0.609)

Female 1283 0.35 0.48 649.00 .31 0.46 632.00 0.33 AT 0.032 0.015 -0.023
(0.026) (0.026) (0.030)

Loan applicant is household head 1283 0.71 0.45 649.00 .74 0.44 632.00 0.72 .45 -0.029 -0.008 0.025
(0.023) (0.022) (0.026)

Married 1283 0.86 0.35 649.00 .87 0.33 632.00 0.87 .34 -0.009 -0.001 0.008
(0.015) (0.015) (0.015)

Post-primary education 1283 0.29 0.45 649.00 .3 0.46 632.00 0.30 A6 -0.013 -0.011 0.004
(0.026) (0.021) (0.026)

Number of household members 1283 6.68 2.58 649.00 6.6 2.51 632.00 6.67 2.4 0.061 0.001 -0.052
(0.117) (0.112) (0.107)

Number of adults (>18) 1283 2.78 1.24 649.00 2.7 1.18 632.00 2.68 1.1 0.117** 0.100* -0.013
(0.057) (0.057) (0.062)
Subsistence farming as main occupation 1283 0.85 0.36 649.00 .83 0.38 632.00 0.88 .33 0.021 -0.018 -0.050%
(0.024) (0.021) (0.026)

Poverty probability 1283 45.78 24.44  649.00 43 23.34  632.00 45.45 24 1.794 0.518 -1.273
(1.299) (1.256) (1.391)

Number of loans 1279 2.84 2.63 646.00 3 2.76 631.00 2.71 2.7 -0.242 0.132 0.312
(0.165) (0.148) (0.196)

Total household savings, USD ppp 1128 2.70 4.36 564.00 3.1 4.18 547.00 2.91 57 -0.419* -0.253 0.095
(0.227) (0.288) (0.287)

Satisfaction with life (0-10) 1281 4.53 2.49 649.00 4.7 2.48 632.00 4.61 2.4 -0.104 -0.074 0.053
(0.109) (0.128) (0.130)

F-Test 1.47 1.48 1.44

P-value F-test 0.15 0.14 0.17

Note: The values displayed for t-tests is the difference in the means across the groups. Standard errors are clustered at the village level. Branch fixed effects are included in all estimation regressions. Missing values are
imputed at the treatment group mean. ***, ** and * indicate significance at the 1, 5 and 10 percent critical level.
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Table A5: Balance on socio-demographic variables (Paraguay)

Loan applicant only (T1) Spouses joint (T2)

n mean sd n mean sd difference
Age 1063 39.82 12.31 515 39.02 11.61 -0.907
(0.673)
Female 1063 1.00 0.00 515 1.00 0.00 0.000
(0.000)
Loan applicant is household head 1057 0.92 0.26 512 0.92 0.27 -0.005
(0.017)
Married 1063 0.52 0.50 515 0.52 0.50 0.006
(0.036)
Post-primary education 1063 0.19 0.39 515 0.24 0.43 0.049
(0.031)
Number of household members 1063 4.65 1.85 515 4.66 1.69 0.030
(0.101)
Number of adults (=18) 1062 2.67 1.15 515 2.68 1.16 0.015
(0.067)
Self-employment as main occupation 1063 0.31 0.46 515 0.30 0.46 -0.017
(0.034)
Poverty probability 1063 4.71 7.41 515 3.89 6.79 -0.835
(0.535)
Number of loans 1061 0.79 1.01 514 0.81 0.96 0.030
(0.069)
Total household savings, USD ppp 1025 0.98 7.26 492 0.96 6.05 -0.033
(0.370)
Satisfaction with life (0-10) 1042 6.81 2.40 503 7.02 2.44 0.195
(0.142)
F-test 1.47
P-value F-test 0.61

Note: The values displayed for t-tests is the difference in the means across the groups. Standard errors are clustered at the village level. Region
fixed effects are included in all estimation regressions. Missing values are imputed at the treatment group mean. *** ** gnd * indicate
significance at the 1, 5 and 10 percent critical level.

F. Outcome variables
Aggregate household income is constructed as the sum of income for each activity and each
household member, as reported by the loan applicant (T1) or the couple together (T2). T3
income is constructed as the sum of income earned by female household members, reported
by the female respondent and income earned by male household members, reported by the
male respondent. Aggregate household income was set to zero if the household did not earn

an income. Missing values are imputed at the treatment group mean.

Aggregate household consumption is constructed as the sum of the value of all food items
consumed inside and outside the household by all household members in the past seven days,
as reported by the loan applicant (T1) or the couple together (T2), or the loan applicant, who
is surveyed separately before their spouse is surveyed (T3). Missing values are imputed at the
treatment group mean. Outcome variables are converted to USD PPP and winsorized at the

99th percentile by treatment arm.
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Following our pre-analysis plan, we winsorize outcome variables at the 99th percentile by

treatment group in order to prevent outliers from determining the results. We also impute

missing values by treatment group mean. Our main results are robust to winsorization and

imputation (Table A6).

Table A6: Robustness to imputation and winsorization of the outcome variables (Uganda and

Paraguay)

Winsorized and imputed

Not winsorized, not imputed

Only winsorized

(1) (2) (3)
Panel A: Household income (Uganda)
Loan applicant only (T1) -11.029 -11.722 -10.851
(18.87) (22.11) (19.21)
Spouses separately (T3) 24.579 16.473 24.466
(26.14) (28.20) (26.33)
Region FE Yes Yes Yes
Control (T2) Mean 275.338 283.678
N 2564 2531 2531
R2 0.021 0.017 0.021
P-value T1 = T3 0.144 0.264 0.149
P-value T1 = T2 0.560 0.597 0.57:
P-value T2 = T3 0.348 0.560 0.354
Panel B: Household income (Paraguay)
Loan applicant only (T1) -34.910 -17.107 -34.485
(54.63) (60.97) (54.92)
Region FE Yes Yes Yes
Control (T2) Mean 1056.919 1066.093 1056.919
N 157 1578 1574
R2 0.012 0.011 0.012
P-value T1 = T3
P-value T1 = T2 0.524 0.779 0.531
P-value T2 = T3
Panel C: Household (Uganda)
Loan applicant only (T1) -1.157 -1.176 -1.157
(2.53) (2.62) (2.53)
Spouses separately (T3) -6.072%* -6.198%* -6.072%*
(2.76) (2.84) (2.76)
Region FE Yes Yes Yes
Control (T2) Mean 90.009 90.531
N 2564 2564 2564
R2 0.039 0.039 0.039
P-value T1 = T3 0.033 0.037 0.033
P-value T1 = T2 0.648 0.654 0.648
P-value T2 = T3 0.029 0.030 0.029

Note: This table reports the OLS regression results for different treatments on household income. The dependent variable is aggregate
household income, constructed with and without imputation and winsorization at the 99th percentile by treatment arm. Outcome variables
are converted to USD PPP. SE in parenthesis and clustered at the village level. ***, ** and * indicate significance at the 1, 5 and 10 percent

critical level.
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Table A7 exploits the different data points for T3 in Uganda. Column 1 shows our preferred
(benchmark) construct of income, where we use data from the interviews with both spouses
to construct household income. Column 2 uses the data from the loan applicant, who reports
on the income earned by all household members. Column 3 uses the data from the spouse

survey, reporting on the income earned by all household members.

Table A7: Main treatment effect for aggregate household income constructed from different data
sources (Uganda)

Aggregate income

(1) (2) 3)
T3 = Benchmark T3= Loan applicant T3 = Spouse

Loan applicant only (T1) -11.029 -10.440 -10.678
(18.87) (18.58) (19.00)
Spouses separately (T3) 24.579 -17.953 -3.807
(26.14) (22.99) (26.58)
Region FE Yes Yes Yes
Control (T2) Mean 275.338 275.33R8 275.338
N 2564 2564 2497
R2 0.021 0.020 0.023
P-value T1 = T3 0.144 0.720 0.780
P-value T1 = T2 0.560 0.575 0.575
P-value T2 = T3 0.348 0.436 0.886

Note: This table reports the OLS regression results for different treatments on household income. The dependent variable is aggregate
household income, either constructed as the gold standard measure of income (see Table 1), data from the interview with the loan applicant
and data from the interview with the spouse. Outcome variables are converted to USD PPP and winsorized at the 99th percentile by treatment
arm. SE in parenthesis and clustered at the village level. ***, ** and * indicate significance at the 1, 5 and 10 percent critical level.

Table A8: Robustness to specification in levels or log of the outcome variables (Uganda and
Paraguay)

Income (UG) Income (PG) Consumption (UG)
(1) (2) (3) (4) (5) (6)
Levels Log Levels Log Levels Log
Loan applicant only (T1) -11.029  -0.075  -34.910 -0.012  -1.157 -0.005
(18.87)  (0.08) (54.63)  (0.06) (2.53) (0.03)
Spouses separately (T3) 24.579 0.1654* -6.072%*  _0.066%*
(26.14)  (0.10) (2.76) (0.03)
Region FE Yes Yes Yes Yes Yes Yes
Control (T2) Mean 275.338 4.835  1056.919 6.634  90.009 4.363
N 2564 2523 1578 1530 2564 2564
R2 0.021 0.032 0.012 0.010  0.039 0.033
P-value T1 = T3 0.144 0.005 0.033 0.020
P-value T1 = T2 0.560 0.323 0.524 0.836  0.648 0.874
P-value T2 = T3 0.348 0.087 0.029 0.037

Note: This table reports the OLS regression for different treatments on household income. The dependent variable is aggregate household
income in logs. Outcome variables are converted to USD PPP and winsorized at the 99th percentile by treatment arm. SE in parenthesis and
clustered at the village level. ***, ** and * indicate significance at the 1, 5 and 10 percent critical level.
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G. Distribution Analysis

Figure A3: Kernel density of aggregate income by treatment (Uganda)
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Two-sample Kolmogorov-Smirnov test for equality of distribution functions for aggregate

income in Uganda:

* T1 vs T2: D = 0.0549, p-value = 0.148
¢ T3 vs T1: D = 0.0226, p-value = 0.982

¢ T3 vs T2: D =0.0511, p-value = 0.374

Figure A4: Kernel density of aggregate income by treatment (Paraguay)
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income in Paraguay:

* T1 vs T2: D = 0.0441, p-value = 0.511
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Figure A5: Kernel density of household consumption by treatment (Uganda)
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Two-sample Kolmogorov-Smirnov test for equality of distribution functions for consumption
in Uganda:

* T1 vs T2: D =0.0324, p-value = 0.757

¢ T3 vs T1: D = 0.0745, p-value = 0.018

® T3 vs T2: D = 0.0893, p-value = 0.01
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H. Within-household analysis

Table A9: Discrepancies between self-reporting and proxy reporting for T3 (Uganda)

Total income

Income from crop farming

Income from livestock farming

Income from self-employment

Income from occasional work

Income from salaried work

Earned by Male

Self-reported 191,97 114,49 53,71 71,71 41,71 119,10
SD 287,443 212,679 130,824 106,999 80,538 136,567
Proxy reported 127,89 109,88 68,40 38,10 24,74 117,76
SD 225,672 243,500 180,663 73,536 72,162 135,497
Discrepancy ((self-proxy)/self) 35,17 0,84 27,68 12,27 53,77 -21,88
SD 146,352 181,726 183,171 182,085 175,047 186,445
Proportion (self > proxy) 0,59 0,52 0,54 0,55 0,63 0,41
Proportion (self < proxy) 0,38 0,48 0,43 0,51 0,35 0,71
Obs 507 295 72 233 153 17
Earned by Female

Self-reported 115,25 81,03 47,69 38,55 26,60 37,66
SD 185,299 153,767 96,792 69,448 53,826 72,814
Proxy reported 84,96 73,15 45,18 30,23 19,08 128,15
SD 175,105 172,481 144,967 69,674 65,860 131,792
Discrepancy ((self-proxy)/self) 37,32 20,41 42,32 26,81 51,11 -100,00
SD 153,339 178,488 181,940 174,967 184,403 178,885
Proportion (self > proxy) 0,60 0,56 0,63 0,67 0,68 0,25
Proportion (self < proxy) 0,38 0,44 0,35 0,52 0,36 0,75
Obs 491 297 52 221 118 16
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Table A10: Correlates of discrepancies for reporting between spouses for T3 (Uganda)

Discrepancies
(1) @ (3)
Household income  Income husband  Income wife
Number of HH members -2.146 5.745 8.176
(2.12) (17.16) (20.30)
Number of HH members earning income 1.553 -76.910 55.423
(7.84) (65.65) (73.60)
Age husband 1.504 -2.723 -14.689
(1.02) (8.35) (9.57)
Age wife -0.601 -1.814 10.980
(1.10) (9.03) (10.28)
Loan applicant is female -31.361++* -237.398*%* -540.743%**
{12.01) (101.94) (110.96)
Loan applicant hides income -18.919 59.433 41.191
(16.18) (130.12) (156.35)
Loan applicant suspects spouse to hide income -6.946 T4.037 -95.460
(14.89) (123.73) (139.37)
Loan applicant post-primary education 1.915 26.652 -7.174
(11.72) (94.99) (110.37)
Spouse post-primary education 13.712 -67.481 27.507
(15.13) (124.40) (145.43)
HH engaged in crop farming -6.125 25.611 -50.569
(11.35) (93.16) (106.01)
HH engaged in livestock raising -2.262 -332.732%** 117.804
(15.67) (128.21) (146.62)
HH engapged in self-emplovment -15.257 -66.486 -161.625
(10.78) (88.69) (100.82)
HH engapged in occasional employment -0.232 -93.983 -163.412
(11.03) (90.47) (102.21)
HH engaged in salaried employment 10.714 96.354 152.263
(24.56) (200.75) (243.16)
HH earns income from social assistance -8.590 -152.398 97.916
{12.40) (100.73) (114.19)
HH earns income from rents -2.611 -2.071 123.901
(15.20) (121.10) (147.46)
HH earns income from infrequent sales -10.163 -173.571* -172.932
{13.01) (105.18) (120.93)
village FE Yes Yes Yes
enum FE Yes Yes Yes
N 535 01 481
R2 0.184 0.202 0.296

Note: This table reports an OLS regression results for different correlates of income discrepancies within households. The outcome variables
for each column are constructed as follows: Column 1: discrepancies in household income are calculated as household income reported by the
wife minus household income reported by the husband, divided by the average of the two values. Columns 2 and 3 are constructed as self-
reported minus proxy reported, divided by self-reported. Missing values for correlates were not imputed.
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I. Enumerator effects

Table A11: Enumerator effects for main outcome variables (Uganda and Paraguay)

Adj. R?

Uganda Paraguay

Aggregate income

Household consumption

0.024 0.004
0.071

Note: This table reports the adjusted R? for each of the main outcome variables. The R? is obtained from regressing the outcome of interest

on enumerator dummies and a constant.

Table A12: Treatment effects for aggregate income, with enumerator fixed effects (Uganda and

Paraguay)

Household income

Household consumption

(1) (2) (3)

Uganda  Paraguay Uganda
Loan applicant only (T1) -12.515 -47.278 0.532

(19.25)  (53.17) (2.29)
Spouses separately (T3) 20.414 -5.327%*

(26.65) (2.50)
Region FE Yes Yes Yes
Enum FE Yes Yes Yes
Control (T2) Mean 275.338  1056.919 90.009
N 2564 1578 2564
R2 0.052 0.023 0.119
P-value T1 = T3 0.171 0.007
P-value T1 = T2 0.516 0.375 0.817
P-value T2 = T3 0.445 0.034

Note: This table reports the OLS regression results for different treatments on household income and consumption. Outcome variables are
converted to USD PPP and winsorized at the 99th percentile by treatment arm. All regressions include region and enumerator fixed effects.
SE in parenthesis and clustered at the village level. ***, ** and * indicate significance at the 1, 5 and 10 percent critical level.
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J. Decomposing aggregates
Figure A6 and A7 show a breakdown of loan applicant’s income per source of income in

Uganda and Paraguay, respectively. Figure A8 and A9 show spouse’s income.

Figure A6: Loan applicant income per source of income (Uganda)
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Figure A7: Loan applicant income per source of income (Paraguay)
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Figure A8: Spouse income per source of income (Uganda)
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Figure A9: Spouse income per source of income (Paraguay)
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