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Abstract
An increase in savings can lead to substitution away from informal risk-sharing
arrangements (IRSAs), which can reduce the capacity to manage risk. We estimate the
effects of a randomly assigned mobile money savings initiative among vulnerable women
in Kenya. The initiative increased mobile money savings and reduced risk-sharing, but
it did not affect transfers between pairs for which support was not mutual. However, we
show that reduced risk-sharing did not reduce the capacity to manage risk. Promoting
savings directly improved the ability of women to cope with negative shocks, and had
no adverse spillover effects on the untreated.
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Introduction

A key policy initiative is to increase savings amongst the poor in developing countries,
an idea supported by the growing evidence on the benefits of savings.1 Yet, it remains
unclear how encouraging individuals to save will affect existing informal institutions such
as informal risk-sharing arrangements (IRSAs) that specify state-contingent interpersonal
transfers (Ligon, Thomas and Worrall, 2000). IRSAs typically involve relatives and friends
and are widespread in the developing world where formal credit and insurance markets are
incomplete (Townsend, 1994). The effect of savings promotion on IRSAs may determine
whether such efforts lead to better risk management.2
Our study examines the effects of a mobile banking intervention on savings behavior
and IRSAs. Our sample consists of over 600 vulnerable women in Kisumu, Kenya who are
users of M-PESA - a mobile financial platform that is ubiquitous in Kenya. We randomly
assign half of the women to receive a second “labeled” M-PESA account. The labeling of
the account acts as a soft commitment; women receiving the account were encouraged to
use it for emergency expenses and specific savings goals, but they were free to use their
labeled M-PESA account as they saw fit.3 Unlike previous studies which target “unbanked”
populations by providing access to a formal bank account, our study provides an additional
M-PESA account to individuals who already have an existing account.4 Any increase in
savings would thus not be attributable to increased financial access, but would be more
in line with explanations such as mental accounting and nudges. Savings accumulated in
the labeled M-PESA account is easily accessible in the event of a shock making it a viable
substitute for IRSAs.5
Our sample is generated from the iSAVE (Increasing Savings for Vulnerable Women’s
Empowerment) project that was designed to test whether increases in savings would reduce
1

See, for example, Beaman, Karlan and Thuysbaert (2014); Brune et al. (2016); Chiapa, Prina and Parker
(2016); Dupas and Robinson (2013b); Prina (2015).
2
The interaction of IRSAs and savings is part of a broader literature that looks at the interaction of IRSAs
with other interventions to improve risk management (see: Angelucci and De Giorgi (2009); Attanasio and
Rios-Rull (2000); Berhane et al. (2014); Boucher and Delpierre (2013); Kinnan and Townsend (2012); Klohn
and Strupat (2013); Landmann, Vollan and Frölich (2012); Mobarak and Rosenzweig (2012)).
3
The intervention also asked women to set savings goals and were sent weekly SMS reminders on these
goals.
4
Dupas et al. (2016) is a recent example of one of many studies that targets “unbanked” populations.
5
Similarly, the savings interventions studied in Chile (Kast and Pomeranz, 2014) and in Nepal (Prina,
2015; Comola and Prina, 2015) mostly altered precautionary savings, and not savings for investment. We
argue that in this set of liquid savings instruments, ours is most liquid because we introduce easily accessible
mobile money accounts, as opposed to traditional bank accounts. In our sample, the average time it took
to visit an M-PESA agent was 16 minutes. Moreover, 92% reported that an M-PESA agent always had the
value of cash she wanted to withdraw, and 93% reported that an M-PESA agent was always available when
she needed to fund an emergency or unexpected expense.
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costly risk-coping behaviors such as transactional sex. The sample consists primarily of
women who are the sole heads of their households, with about 70% of them either widowed
or divorced. About half of the sample are female sex workers (FSWs) whose primary income
comes from transactional sex, with agriculture and shop-keeping being the other leading
sources of income. We note two features of our sample. First, while our sample is not
representative of the population in Kenya, it does represent a non-negligible population. In
Kenya, more than 10% of women are widowed, divorced or separated, and an estimated one in
twenty women participate in transactional sex (Measure DHS, 2016; Vandepitte et al., 2006).6
Given that transactional sex is a leading driver of the HIV/AIDS epidemic, our sample
represents a population of special interest (LoPiccalo, Robinson and Yeh, 2012). Second,
women in our sample may have fewer risk-sharing partners than the general population.
Since many of the women in our sample are widowed or divorced, they cannot rely on their
husbands or in-laws for transfers. In addition, sex work is a stigmatized profession, and this
may further reduce the number of risk-sharing partners. Despite these unique features, the
finding that savings promotion can reduce risk-sharing in this population would suggest the
potential for this to occur among the broader population as well.
We find that there were relatively strong rates of adoption and usage of the labeled
M-PESA accounts, with over 60% of those given an account using it during the study period
and over 50% having a positive balance at endline (nine months later). Weekly balances
in the labeled M-PESA averaged 251 Ksh (2.91 USD) after the intervention period - an
amount that equates to the median cost of a health shock in our sample. When looking at
aggregate M-PESA savings (existing + labeled accounts), we find that the intervention led
to an increase in weekly balances compared to the control group; this suggests that savings in
the labeled M-PESA account did not fully crowd out savings in existing M-PESA accounts.
We also do not find evidence that the labeled M-PESA account crowded out other types of
savings (i.e. formal bank accounts). The increase in mobile savings due to the intervention
thus appears to represent a small increase in overall savings, but we acknowledge that this
is not conclusive.
How might encouragement to save affect IRSAs? An individual with increased savings
may reduce their demand for state-contingent transfers (i.e. self-insurance) and increase
transfers to IRSA members. However, attempting to increase savings can exacerbate problems of limited commitment by increasing an individual’s incentive to renege on IRSA commitments. As such, promotion of savings could reduce the overall capacity to manage risk
and generate negative spillovers to risk-sharing partners (Ligon, Thomas and Worrall, 2000).7
6

Estimates from most other African countries are similar, with 9-13% of women having vulnerable marital
statuses and 3-5% of women engaging in transactional sex.
7
Limited commitment and information asymmetries limit the amount of idiosyncratic risk that can be
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Our analysis focuses on bilateral IRSAs (involving two individuals) within our study
sample. Specifically, all women in our sample were asked to identify in-sample women in
their geographic cluster with whom they shared risk. While we only capture a subset of all
IRSAs, we can document the welfare effects of increased savings on those offered the account
(direct effects) and their risk-sharing partners (spillover effects). We also examine both
potential and actual transfers made within bilateral IRSAs, where potential transfers are
measured by asking women the amounts they can expect to receive and send to risk-sharing
partners in an emergency. Solely relying on actual transfers could be problematic because
it may underestimate the value of risk-sharing in an IRSA, just as measuring the value of
health insurance would be underestimated if measured by indemnity payouts.
Our main finding is that promoting savings reduced risk-sharing. Among baseline risksharing pairs, having both members assigned to treatment reduced potential transfers by 53
percent, and having one member assigned to treatment reduced potential transfers by 35
percent, relative to having both members assigned to the control group. Albeit less precise,
we also find reductions in state-contingent actual transfers (i.e. transfers in response to a
negative shock) among baseline risk-sharing pairs. To account for possible treatment induced
changes in risk-sharing partners (see Comola and Prina (2015)), we document that individuals did not compensate for reduced risk-sharing by forming new risk-sharing links. We
then estimate the treatment effect across all possible pairs within a cluster, and find similar
reductions in risk-sharing using both potential and state-contingent actual transfers. Thus,
it appears that an encouragement to increase savings led to overall reductions in risk-sharing
consistent with some of the theoretical predictions of Ligon, Thomas and Worrall (2000).
We find negative effects on both pre-existing risk-sharing pairs and on overall risk-sharing,
where the latter takes into account risk-sharing in newly formed risk-sharing pairs.
Finally, we show that while the intervention reduced risk-sharing, there is no evidence
that it led to a reduction in the capacity to manage risk. We find suggestive evidence that
those offered savings accounts improved their ability to cope with shocks and that it did not
come at the expense of their risk-sharing partners. Specifically, the savings treatment had a
positive direct effect and a zero spillover effect on food security and subjective well-being.
Our findings contribute to the literature on increasing savings for the poor (see Karlan,
Ratan and Zinman (2014) and Table 3 in Prina (2015) for comprehensive reviews).8 Our
managed through IRSAs (Ligon, Thomas and Worrall, 2002; Thomas and Worrall, 1990; Barr and Genicot,
2008; Chandrasekhar, Kinnan and Larreguy, 2011). Theoretically, access to savings can increase the incentive
to renege, exacerbate limited commitment, reduce risk-sharing, and consequently reduce overall capacity to
manage risk (Foster and Rosenzweig, 2000; Gobert and Poitevin, 2006; Ligon, Thomas and Worrall, 2000,
2002).
8
There are a number of studies that implement randomized offers to individuals to open formal bank
accounts. Studies have explored whether opening account fees and minimum balances acted as barriers
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findings also contribute to the emerging literature which uses experiments to evaluate the
effects of introducing formal savings on interpersonal transfers and spillover effects on welfare.
In two studies with differing results, access to savings led to fewer loans from friends and
family in Chile (Kast and Pomeranz, 2014) while it led to increases in transfers to in-village
financial partners in Nepal (Comola and Prina, 2015). In a related study, Flory (2011)
shows that a marketing campaign of banking services increased the use of formal savings
and gift-giving to the most vulnerable people ineligible to receive the program. There are
multiple reasons why saving could change transfer activity; our paper emphasizes the effects
on IRSAs.9 Thus, our study is similar to that of Chandrasekhar, Kinnan and Larreguy
(2015) which uses a lab experiment in India and finds that the introduction of savings had
no effect on risk-sharing. An important difference is that our study is conducted in the
field and reflects risk-sharing decisions made in a natural setting. Finally, Dupas, Keats
and Robinson (2016) find that savings accounts in Kenya increased transfers to in-village
risk-sharing partners– a result that contrasts with our main finding. We note that our
intervention was aimed at increasing highly liquid savings using mobile banking accounts,
while Dupas, Keats and Robinson (2016) provided formal bank accounts. The accessibility
of savings may help reconcile our two results as liquid savings is more likely to exacerbate the
limited commitment problem in risk-sharing.10 Furthermore, we recognize the uniqueness of
our sample and the nature of their risk-sharing arrangements and other risk-coping strategies.
Although our results may not extrapolate to a broader population, we study the effects on
an important and vulnerable subsample of women.
With regards to spillover effects on welfare, findings are decidedly mixed. Comola and
Prina (2015) show positive spillover effects by documenting increases in health expenditures
of in-village financial partners, and Flory (2011) shows positive spillover effects by documenting improved food security of the most vulnerable people. In both our study and Dupas,
Keats and Robinson (2016), there appear to be no spillover effects on welfare. A challenge
in measuring these spillovers is that individuals may respond to negative shocks in a variety
to savings accounts (Prina (2015); Dupas and Robinson (2013a); Schaner (2016)). Other studies looked
at whether variation in interest rates affect adoption (Karlan and Zinman (2016)). Another strand of the
savings literature focuses on whether commitment savings products can help the poor save, especially those
with behavioral biases or other-control problems (Ashraf, Karlan and Yin (2006);Brune et al. (2016);Dupas
and Robinson (2013b); Karlan and Linden (2014)).
9
Apart from risk-sharing, interpersonal transfers may be motivated by altruism (Ligon and Schechter,
2012), capital-sharing (Angelucci, De Giorgi and Rasul, Forthcoming), and social pressure (di Falco and
Bulte, 2011; Jakiela and Ozier, 2015)
10
There are other differences which may explain our divergent results: we identify bilateral risk-sharing
partners using ex-ante questions on transfers, we document reductions in transfers that can be received from
and sent to individuals offered an improved savings technology, and our sample consists of individuals who
already had access to an existing M-PESA account.
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of ways, and thus it may be difficult to measure changes in welfare even if we observe clear
changes in one way people respond to shocks. In our context, the net effect of encouraging
saving on welfare was positive. Nonetheless, we show that such promotion can reduce participation in existing IRSAs. The design of savings initiatives should carefully consider the
interaction with existing informal arrangements, especially in contexts where people might
fail to find other means to manage risk.
The remainder of this paper is organized as follows. We describe the experiment and
data in Section 2, and present descriptive statistics in Section 3. We present estimates of the
effect on savings in Section 4. We present estimates of the effect on risk-sharing in Section
5, discuss possible mechanisms in Section 6, and present estimates of the effect on welfare
in Section 7. In Section 8 we summarize and discuss caveats.

2

Experiment and data

The field experiment was conducted with a sample of 627 vulnerable women in both urban
and rural areas in Kisumu County on the western edge of Kenya. The urban subsample consisted of female sex workers (FSWs), and the rural subsample consisted of widows, separated
or divorced women, and never-married female heads-of-household without support from a
man. In this section, we describe the field experiment and data collection. We describe the
sample in more detail in Section 3 below.

2.1

Treatment and randomization

Figure 1 summarizes the sample structure and study design. Those assigned to the control
group participated in group discussions on the importance of savings. Those assigned to
the treatment group received the same as the control arm, plus a one-on-one activity eliciting savings goals, weekly SMS reminders on the savings goals, and a new free M-PESA
account with zero transaction costs to be used as a labeled savings account, whereby women
were encouraged to use the account for emergency expenses and stated savings goals.11,12
Transaction costs were zero only in the first 12 weeks of the intervention, the most intense
11

The intervention in our study is similar to a “soft commitment” design, where savings is encouraged, but
there are few restrictions on how savings is withdrawn or used; For example, see: Brune et al. (2016); Dupas
and Robinson (2013b); Kast and Pomeranz (2014). In contrast, a “hard commitment” savings intervention
requires savings to be locked-up over a certain period of time or has direct monetary penalties for withdrawing
funds from one’s savings; For example, see: Ashraf, Karlan and Yin (2006). Hard commitment saving
interventions thus make it more difficult to use savings for unexpected emergencies.
12
During the first 12 weeks of the intervention, all treatment women received weekly SMS reminders.
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Figure 1: Sample Structure

intervention period from March to May 2014 (see Figure 2). During this intense 12-week period, in addition to enjoying zero transaction costs, women received weekly SMS reminders.13
Owning an M-PESA account was an eligibility requirement for participation in the study,
however this excluded only a small minority of women in the sampling frame as M-PESA
is ubiquitous in this context and nearly everyone has an account. Thus, the treatment
was effectively the provision of a labeled M-PESA account, rather than granting first-time
access to M-PESA.14 Operated by the leading mobile service provider Safaricom, M-PESA
13

Consistent with the findings of Kast and Pomeranz (2014) who use a similar interest rate, we find that
a 5% monthly interest had no effect on savings balance. In this study, we do not differentiate between those
who were and were not randomly assigned to receive interest payments.
14
Jack and Suri (2014) show that access to M-PESA improved risk-sharing by reducing transaction costs.
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is a highly successful private enterprise which provides clients with branchless banking via
mobile phone. Any individual with a national ID card and Safaricom SIM card can set up
an M-PESA account, allowing her to make deposits, withdrawals and transfers using her
mobile handset. M-PESA agents, with whom individuals can deposit and withdraw cash,
are ubiquitous; they are located at many shops and one is available at nearly any time of
day.
The unit of randomization is the individual. We first identified geographic clusters:
12 sub-locations or politically defined geographic units in the rural subsample, and 15
“hotspots” or specific areas within the urban subsample where the FSWs meet clients. We
then stratified treatment randomization by subsample and by geographic cluster. Within
each cluster, each individual was assigned into treatment or control. We also stratified treatment randomization by age.15 To evaluate the success of the randomization, we compare
177 baseline observables between the treatment and control groups, conditional on geographic cluster and age. As expected, we find differences between treatment and control
with p < 0.05 for 4% of the variables.
Beyond the provision of a new labeled M-PESA account, the intervention included setting
saving goals and receiving weekly SMS reminders on these goals. All treated women set at
least one savings goal. Treatment women set 1.5 goals on average. The average goal amount
was 26,403 Ksh, and the average time to complete a goal was 59 weeks. Treatment women
also committed to set aside 103 Ksh on average each week for emergency expenses.16

2.2

Sampling and data collection

Sampling was conducted during December 2013 and January 2014. In the urban area, a
sampling team attended scheduled meetings of FSW peer educators in order to generate a
census of the FSWs supported by the peer educators. A member of the sampling team met
individually with each FSW to explain the study and invite them to participate. In the rural
area, the sampling team visited each of the villages in the study, seeking women who met
the study eligibility criteria by talking with local leaders and snowball sampling.
Figure 2 summarizes the timeline of data collection and intervention activities. We
conducted a baseline survey with 627 women in January 2014 prior to the implementation
In our study, women in both the treatment and control groups in our study had initial access to M-PESA. We
our thus studying the effect of savings on risk-sharing, as opposed to the effect of M-PESA on risk-sharing.
15
Stratification by age was done through re-randomization. We repeated randomization 500 times. A
subset of these 500 randomizations satisfied the pre-specified criteria that the differences-in-means test for
the variable age across treatment and control groups must have p < 0.10. A randomly chosen realization
was selected to be used as the basis for treatment assignment.
16
Throughout the paper, we use Kenyan Shillings (Ksh) for all monetary values. The exchange rate at the
time of the study was 1 USD=85 Ksh
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Figure 2: Study Timeline

of the intervention in February 2014. We conducted an endline survey with 579 of the
627 women eight months after the intervention. The overall 7.6% attrition rate is similar
between treatment and control groups. Furthermore, there is no evidence of differential
attrition between treatment and control groups based on baseline characteristics.17

2.3
2.3.1

Risk-sharing data
Eliciting IRSAs

Our main objective is to estimate the effect of savings on IRSAs. As such, we focus our analysis on the subset of interpersonal financial relationships in which the transfers are ex-ante
agreed upon, state-contingent, and mutual. Similar to conventional insurance products, the
benefit from an IRSA is reflected in its ex-ante influence on expected utility and behavior.
As such, the value of an IRSA depends not on the amount of transfers actually received
but on the potential transfers one can receive if she experiences an unexpected emergency.
Moreover, of the set of interpersonal insurance relationships, an IRSA is unique in that the
provision of insurance is mutual. The state-contingency and mutuality in an IRSA generate
the possibility for limited commitment problems which can lead to substitution away from
IRSAs and into formal savings. In this section, we discuss how we identify IRSAs and how
we measure risk-sharing within an IRSA.
To identify a respondent’s bilateral IRSAs, or risk-sharing partners, we asked the respondents the following two questions about a candidate individual: “could you rely on this
person for help if you needed money urgently to pay for an expense?”, and “could this person
rely on you for help if she needed money urgently to pay for an expense?” If the respondent
answered yes to both questions, then the relationship with the candidate individual satisfies the three criteria described above, and we thus classify the individual as a risk-sharing
partner of the respondent. By asking who one could receive support from in the future
independent of the actual shocks experienced and transfers received in the past, we detect
ex-ante arrangements. By asking who one could receive support from in case of an urgent
expense, we detect state-contingent transfer arrangements. Finally, by asking respondents to
identify individuals who were both potential providers and recipients of support, we detect
mutual transfer arrangements. In order to account for treatment-induced changes in the
set of risk-sharing partners, we collected data on one’s risk-sharing partners at baseline and
endline.
17

Among endline attritors we found only 6.7% of 178 baseline variables to be statistically significantly
different between treatment and control at p < 0.05. However, the sample of attritors is too small to rely on
for comparison of means between treatment and control groups.
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To measure the level of risk-sharing within an IRSA, we asked the following questions
about each risk-sharing partner: “what is the maximum amount that this person (you) would
give you (this person) in the event that you (this person) faced an unexpected expense?” The
responses generate a measure of potential transfers that we define as an agreement regarding
mutual insurance which is bilateral, maximum, and informal. Our analysis will focus on the
effect of savings on bilateral IRSAs. These bilateral IRSAs are a relevant unit of analysis as
they may form the basis for group IRSAs. And, in and of themselves, bilateral IRSAs are
crucial because some studies have shown that smaller risk-sharing groups can be at least as
efficient as larger ones (Bold and Broer, 2015; Chaudhuri, Gangadharan and Maitra, 2010;
Fitzsimons, Malde and Vera-Hernandez, 2015; Genicot and Ray, 2003).18
2.3.2

In-sample IRSAs

We restrict the pool of candidate individuals from which the respondent can identify her
risk-sharing partners to women who are also in the study sample. Specifically, we presented
respondents with photos of all women who were part of the research sample and who were
in their same geographic cluster.19 We then asked respondents to identify all of the women
they knew, and of these, those who were risk-sharing partners, as defined above. We call the
risk-sharing partners generated in this photo identification method in-sample partners.20
By focusing on these in-sample partners, we are able to leverage the fact that we observe
treatment assignment of both members of a risk-sharing pair. First, this allows us to compare
treatment effects on risk-sharing when both versus only one member of a pair is assigned to
treatment. Second, this allows us to measure direct treatment effects and spillover treatment
effects.
Beyond the fact that both members of an in-sample risk-sharing pair were part of the
experiment, using in-sample risk-sharing pairs also provides two additional benefits. First,
because we have transfers reported by both members of a risk-sharing pair, we are able to
minimize measurement error by using both reports.21 Second, because women in-sample
18

We do not measure the effect on the full risk-sharing network. This would require reconstructing a
complete risk-sharing network, which entails some census data of the full network and more detailed data
on a random sample of the full network (Chandrasekhar and Lewis, 2011). Neither of these was within the
scope of this study.
19
Across the 27 geographic clusters, a cluster had 23 individuals on average. The smallest cluster had 5
individuals, while the largest had 42 individuals. For the IRSA identification exercise, due to geographic
proximity, two sets of two clusters in the urban subsample were combined. For the purpose of this study,
therefore, there are 25 clusters and the smallest cluster had 19 individuals.
20
The elicitation of risk-sharing partners is done independently for each respondent. Thus, a report of
i regarding her risk-sharing relationship with j should not affect the report of j about her risk-sharing
relationship with i.
21
As discussed above, we defined a pair of individuals ij in an IRSA if individual i reports it as such. We
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have similar incomes and wealth, they are more likely to form risk-sharing (mutual support)
relationships with each other, whereas they are more likely to form non-mutual support
relationships with individuals out-of-sample.22 In Section 3.2 we show that risk-sharing
relationships are prominent in-sample, while in Section 6.1.2 we show that the types of
support relationships formed out-of-sample are less likely to be mutual support.
One limitation to using in-sample partners is that we exclude other risk-sharing partners
from the analysis. If the excluded risk-sharing partners are systematically different from
those that we include, the external validity of our results will be limited. To address such
concerns, we additionally present some results which suggest that treatment had no effect
on financial relationships out-of-sample (see Section 7, Table 7).

3

Descriptive statistics

In this section we present a range of descriptive statistics. In Section 3.1 we describe the
sample of women and we show that this sample provides a relevant context to study the
interaction of savings and risk-sharing. In Section 3.2 we describe the IRSAs in our sample.

3.1

Sample of vulnerable women

The urban subsample consisted of FSWs, and the rural subsample consisted of women who
were deemed to be at high-risk of entering into sex work. Although these women were
targeted primarily to study risky sexual behavior, both subsamples of women represent
useful populations on which to study the interaction of savings and risk-sharing. They are
poor, exposed to a wide range of risks, and rely on informal transfers to smooth consumption
against shocks.
Table 1 provides summary statistics for the full sample, and the urban and rural subsamples. The women are highly vulnerable: 66% of the women were severely food access
insecure based on the Household Food Insecurity Access Scale or HFIAS (Coates, Swindale
and Bilinsky, 2007). About 70% of the women were either widowed or divorced, and only
40% had more than primary education. On average, women earned 1,648 Ksh per week from
income generating activities.23 Women in the urban subsample had a higher value of total
could have instead defined a pair in an IRSA if both i and j have reported it as such. An alternative is to
allow for differential reporting of risk-sharing in the data. For example, i may have reported an IRSA with
j, while j did not, simply because the IRSA was more valuable to i. Our analysis, presented in Section 5,
will allow for this.
22
Relatedly, other work has shown that resource-sharing is greater in poorer and less unequal villages.
(Angelucci, De Giorgi and Rasul, 2009)
23
About 40% of the women consider some form of small business as their primary activity, such as selling
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assets compared to those in the rural subsample, although as expected, women in the rural
subsample held more livestock assets (18,435 Ksh) than those in the urban subsample (3,893
Ksh).
Because women in the sample had some savings at baseline, we interpret our savings
intervention as an increase in savings, particularly liquid savings. At baseline, the average
woman in the sample could cover up to 793 Ksh of an emergency expense using personal
funds, and total balance across various savings accounts was 2,249 Ksh. The women used
a variety of tools to save. About 75% of the women participated in a rotating and savings
credit association or ROSCA, 24% used a formal bank account, and 33% had savings that
were kept at home. Moreover, 57% of the women had taken at least one loan in the 12
months before baseline, and most of these were informal loans from family and friends.
Informal transfers were also important; 94% of the women claimed they could rely on
at least one person for financial support in case of an emergency expense. Over a 3-month
period prior to the intervention, respondents received 3,209 Ksh and sent 1,080 Ksh on
average. Many, but not all, of these transfers were for consumption smoothing. For example,
the average transfers received for large and unexpected expenses represented only about half
of the average of all transfers received.
Table 2 provides summary statistics on the negative shocks that women experienced over
a 7-month period after the intervention, as well as the methods they used to cope with these
shocks. About 38% of the women experienced a financially challenging sickness or injury.
Arguably, these negative health shocks are not likely correlated among risk-sharing partners,
and are thereby ideally smoothed out through IRSAs. The median cost to treat a health
shock was 350 Ksh (200 Ksh) for women in the urban (rural) subsample.24 Although the
cost of these health shocks seem small, women may respond by taking potentially costly
actions. For example, FSWs have been shown to engage in riskier sexual behavior to cope
with such shocks (Robinson and Yeh, 2011).
The women used a variety of methods to cope with shocks. The most common coping
mechanisms were borrowing money, seeking assistance from others, and relying on own
savings. While a variety of coping mechanisms exist, women were unable to fully shield
themselves from shocks: 7% (9%) of the shocks experienced by women in the rural (urban)
subsample resulted in a reduction of expenses. Moreover, women took no action to cope
with 23% (8%) of the shocks experienced by women in the rural (urban) subsample.
food products. About 40% of women in the rural subsample were involved in farming activities, while none
of the women in the urban subsample were.
24
The mean cost to treat a health shock was 880 Ksh (408 Ksh) in the urban (rural) subsample. The
mean cost accounts for larger health expenses, while the median cost may represent the cost of smaller and
more frequent health shocks.
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Table 1: Baseline Descriptive Statistics
Full Sample
mean std dev
Demographics
Household size
Widowed
Divorced or separated
Has more than primary education
Income, Expenses and Wealth
Income in past 7 days
Spending on temptation goods in past 7 days
Spending on non-food expenses in past 30 days
Resale value of livestock assets
Value of non-livestock assets
Severely food insecure (HFIA scale)
Savings and Credit
Max emergency can cover by self-financing
Member in at least one ROSCA
Last amount received from ROSCA (highest)
Total savings balance in all accounts
Has MPESA
MPESA: current balance
Has other mobile banking
Other mobile: current balance
Has formal bank account
Formal account: current balance
Has other informal savings
Informal savings: current balance
Any loan in past 12 months
Interpersonal Transfers
Can rely on at least 1 person for support
Number of people can rely on
Total amount received in past 3 months
Total amount received that is for shocks
Sent money to at least 1 person in past 3 months
Number of people sent money to
Total amount sent in past 3 months
Transfers: total amount sent that is for shocks
Observations

Rural
mean

Urban
mean

3.52
0.37
0.33
0.39

2.10
0.48
0.47
0.49

4.20
0.56
0.29
0.32

2.84
0.17
0.37
0.46

1648
408
1387
11222
53614
0.66

7935
830
2599
28542
74059
0.47

1441
207
816
18436
32079
0.73

1858
612
1966
3893
75495
0.59

793
0.75
5283
2249
0.93
397
0.11
434
0.24
5959
0.33
1319
0.57

1861
0.43
7426
9576
0.25
1796
0.31
1485
0.43
17860
0.47
2889
0.50

393
0.70
3573
808
0.99
279
0.03
1022
0.12
2131
0.30
876
0.60

1199
0.80
6607
3712
0.87
534
0.19
355
0.36
7235
0.36
1694
0.54

0.94
2.46
3209
1682
0.61
0.80
1080
565
627

0.24
1.69
10272
6917
0.49
0.78
2679
2174

0.93
2.16
2364
1286
0.53
0.66
559
273
316

0.94
2.75
4067
2085
0.70
0.95
1610
861
311

Notes: Temptation goods include jewelry, perfume, cosmetics, clothing, hairdressing, snacks,
airtime, meals outside the home, cigarettes, alcohol and recreational drugs. Other non-food expenses include car battery, wedding and social events, funeral, health, expenses, family planning,
electronics, household assets and home improvement. The following purposes are considered
transfers for shocks: medical, wedding, funeral, or food consumption expenses. Values are
reported in Kenyan Shillings (Ksh), 85 Ksh = 1 USD at the time of the study.
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Table 2: Negative Shocks and Coping Strategies
Rural
Urban
Percent of women who experienced any of the following shocks...
Own illness or injury
0.38
0.38
Illness or injury in household
0.38
0.26
Own job loss
0.12
0.12
Job loss of main income earner 0.03
0.01
Birth
0.03
0.06
Death
0.03
0.03
Theft
0.14
0.12
Major illness of livestock
0.08
0.01
Death of livestock
0.11
0.01
Number of women
309
304
Percent of shocks which induced the following coping strategy...
Borrowed money
0.23
0.39
Sought assistance
0.36
0.35
Did nothing
0.23
0.08
Relied on own savings
0.09
0.20
Tried to increase earnings
0.08
0.05
Reduced expenses
0.07
0.09
Sold something
0.04
0.01
Assistance in exchange for sex
0.01
0.05
Engaged in spiritual efforts
0.01
0.01
Other
0.02
0.03
Number of shocks
351
282
Notes: Data is for the 7-month period between intervention and endline.
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Figure 3: Number of Baseline Financial Support Partners

An important caveat is worth mentioning before proceeding. Although the urban and
rural subsamples present interesting differences with respect to the nature of shocks and
coping mechanisms, we do not have sufficient power to detect differential effects of savings
on IRSAs. Such analysis is beyond the scope of this paper, however for reference we present
results disaggregated by subsample in Web Appendix Tables A9 and A10. The core of the
analysis and discussion pools both subsamples throughout the paper.

3.2

Risk-sharing

Figure 3 presents a histogram of the number of risk-sharing partners and the number of
non-risk-sharing financial support partners or “charitable-out” partners at baseline. Charitableout partners are defined as those who could rely on the respondent for support, but who
the respondent could not in turn rely on for support. Risk-sharing partners were prevalent
in-sample. About two-thirds of the women had at least one risk-sharing partner at baseline.
Specifically, 31% of the women had one, 18% had two, 8% had three, and 10% had more
than three risk-sharing partners at baseline. Non-risk-sharing financial support partners were
much more rare in-sample. For example, 70% of the women had no in-sample charitable-out
partners.25
25

Note that charitable support could also flow in the opposite direction: someone from whom the respondent could receive support from but to whom she would not send support. However, these are only reported
by 3% of the women, likely due to reporting bias.
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Figure 4: Mean Potential Transfers between Financial Support Partners

There are three types of risk-sharing pairs in our data: pairs which were risk-sharing
only at baseline (or severed links), pairs which were risk-sharing only at endline (or formed
links), and pairs which were risk-sharing at both baseline and endline (or always linked).
Risk-sharing network density is the proportion of all possible links (in-sample and within
geographic cluster) which were risk-sharing links. For an average cluster, the network density
was 14.4%, 6.8%, and 4.3% for severed, formed, and always risk-sharing links, respectively.
To depict network density, Web Appendix Figure A1 and A2 present risk-sharing network
graphs for each of the 25 clusters in the study.
Figure 4 presents summary statistics on the value of potential transfers one could receive
from and send to various types of financial support partners. The average amount that
one could receive from and send to an in-sample risk-sharing partner was 400 Ksh, while
the average amount that one could send to an in-sample charitable-out partner was only
122 Ksh. Moreover, for 90% of in-sample risk-sharing pairs, the difference between the
potential transfers one could receive and send was 0 Kshs. Thus, the mutuality for in-sample
risk-sharing pairs did not only mean that each member was able to rely on the other for
support, but it also meant that the amount of support one could receive and send were equal
to each other.26
The mean potential transfers between in-sample risk-sharing partners was roughly double
26

We return to this point in Section 6.1.2; see Web Appendix Figure A4.
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the median cost to treat a health shock, and half of the maximum emergency cost one could
have self-financed. This suggests that these in-sample IRSAs could be useful in addressing
small health risks. One concern, however, is that while actual transfers might underestimate
the value of insurance, potential transfers might overestimate this value.27 To partially
address such concern, in Web Appendix Table A1 we show that the self-reported measure of
potential transfers one could send was highly correlated with measures of one’s capacity to
provide support, such as the value of assets and savings.

4

Effect on savings

We describe the use of the labeled M-PESA account using administrative records from Safaricom. The solid black line in Figure 5 shows the cumulative adoption rate, or the cumulative
proportion of the treated sample that used the new account at least once since the accounts
were initially activated. The intervention period lasted 12 weeks, during which time the
accounts fees were waived. By the end of this period, 62% had used the account at least
once.
The dashed line in Figure 5 shows the daily balance in the account, averaged across
adopters. The mean daily balance sharply grew during the beginning of the intervention,
and peaked during the intervention period. By the end of this period, indicated with the
vertical line, the mean balance was 526 Ksh for those that ever used the account. The
mean daily balance did not fall to zero in the months following the end of the intervention.
Nine months after the intervention began, the mean balance was 200 to 250 Ksh, which was
roughly the median cost of treating a health shock in this sample
We now examine whether the adoption and usage we see for the labeled M-PESA account
is additional savings or the result of crowding out of other savings types. Before turning to
this analysis, we acknowledge that measuring savings is challenging because individuals may
be reluctant to reveal their true savings balances to survey enumerators. Even if individuals
are forthcoming, it may be difficult to accurately recall one’s savings balance at any given
time. We address these concerns by using both administrative data and self-reported data.
All M-PESA savings outcomes use administrative data for both existing accounts and the
27

Comola and Fafchamps (2014) discuss in detail two issues that may arise when using subjective survey
questions to elicit network links. First, when a respondent reports that a link exists, she may mean that a
link is desired, as opposed to already formed. Second, bilateral (or mutual) links may actually be unilateral
if there is some coercion to link formation, such as a binding social norm. We believe that the questions we
used to elicit risk-sharing links were clear; enumerators did not report any difficulty in the interpretation of
the IRSA questions.
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Figure 5: Cumulative Adoption Rate and Mean Balance in Labeled Account

labeled account that covers the 42 weeks of our entire study period. Our self-reported savings
measures use data from baseline and endline surveys and include savings kept at home, in
formal banking institutions, and the use of ROSCAs.
We estimate the effects of our intervention on savings using the following:

∗
∗
Savingsict = α0 + αc + αa agei + η1 Ti + η2 P ostt + η3 (Ti × P ostt ) + η4i
+ η5t
+ εit

(1)

where Savingsict is a savings outcome for individual i in cluster c for period t, Ti indicates
whether individual i was assigned to treatment, P ostt is the period after the intervention, and
the coefficient of interest is η3 (the effect of the intervention in the post period). Treatment
stratification used geographic clusters (αc ) and agei . The ∗ indicates that individual and
week fixed effects (η4i and η5t ) are only used when employing the weekly administrative
data.28
Using the administrative data (Table 3; Panel A), we find that weekly deposits and
balances in the post-intervention period are about 129 Ksh and 251 Ksh respectively in the
labeled M-PESA account (columns 1 & 4). The natural explanation for this change would
be for women in the treatment arm to substitute money away from their existing M-PESA
28

Our choice of an estimation strategy that leverages within-individual variation through time is at least
partially motivated by a baseline imbalance in savings, see Web Appendix Table A2
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Table 3: Effect of intervention on savings
Panel A: M-PESA Administrative Data
Weekly Deposits
(1)
(2)
(3)
Labeled Existing
Total
M-PESA M-PESA M-PESA
Treat X Post
129***
-63
66
(40)
(162)
(167)
Observations
25,471
25,471
25,471
Panel B: Self-Reported Savings Data
(1)
(2)
(3)
Home
Bank
Number
Savings
Savings ROSCAS
Treat X Post
-48
312
-0.05
(266)
(666)
(0)
Observations
Mean in Control

1,075
676

1,075
1,327

1,075
.82

Weekly Balances
(4)
(5)
(6)
Labeled
Existing
Total
M-PESA
M-PESA M-PESA
251***
195
447*
(41)
(223)
(230)
25,471

25,471

25,471

(4)
Total Monetary
Savings
505
(873)
1,075
2,898

Notes: Standard errors are shown in parentheses. Level of significance: *** p¡0.01, ** p¡0.05, *
p¡0.10. Values are reported in Kenyan Shillings (Ksh), 85 Ksh = 1 USD at the time of the study.

accounts; however there is no significant evidence that this occurred (column 2). Even taking
the reduction in weekly deposits (-63 Ksh) at face value, the combined deposits across both
labeled and existing M-PESA accounts is higher (but imprecisely estimated) in the treatment
arm. Surprisingly, women in the treatment arm have higher weekly balances in their existing
M-PESA accounts (column 5), and it appears that the increase in savings in the labeled
accounts amounts to an increase in overall M-PESA savings (column 6). Using self-reported
savings data (Panel B), we find no evidence that savings in the labeled M-PESA account
crowded out other forms of savings (columns 1-3). When we combine savings balances from
both the administrative and self-reported data, we find an insignificant increase in monetary
savings (column 4).
We note that the increase of 447 Ksh in total M-PESA savings in the treatment group is
relatively modest,29 and in someways expected, given that everyone (treatment and control)
has access to M-PESA, and so the intervention is not dramatically increasing access to
savings products or technologies. Small increases in highly liquid savings however can play
an important role in a woman’s ability to self-insure in the event of a negative shock.
29

It represents between 27% to 31% of a daily income in our sample

19

Figure 6: Identification Strategy

5

Effect on risk-sharing

Having provided suggestive evidence that the intervention increased savings, we now turn
to estimating the effect on IRSAs. In Section 5.1 we discuss our estimation strategy. In
Section 5.2, we present estimates of the effect of encouragement to save on both pre-existing
(baseline) IRSAs and overall risk-sharing, where the latter accounts for the possible formation
of new risk-sharing links.

5.1

Estimation strategy

Our identification strategy relies on experimentally-induced variation in exposure to savings
promotion for each observed pair of individuals or dyad ij. Figure 6 describes our identification strategy. Panel A shows a network graph for one cluster, where the links represent all
possible dyads. A red link represents a dyad where neither i nor j was assigned to treatment
(CC), a blue link represents a dyad where only one of i or j was assigned to treatment
(T C), and a green link represents a dyad where both i and j were assigned to treatment
(T T ). Panel B shows a network graph for the same cluster, but where the links instead
represent the value of risk-sharing in a dyad, and where a thicker link signifies a higher value
of risk-sharing. We see that risk-sharing is highest for CC dyads, compared to either T C or
T T dyads.
To more formally estimate the effect of savings on risk-sharing, we use the following
equation
20

RSijc = α0 + αc + age0ijc αa + β1 T Tijc + β2 T Cijc + ijc

(2)

where the unit of observation is a dyad ij in a cluster c. RSijc is the value of risk-sharing
at endline between individual i and another in-sample individual j. We use two measures of
RSij . The first measure of risk-sharing is potential transfers, defined as the maximum amount
one can receive from (send to) a risk-sharing partner in case she (her partner) experiences
an emergency. Potential transfers is our key measure of risk-sharing. The second measure
is actual transfers. Actual transfers is the total amount one received from (sent to) an
in-sample individual j during the four months prior to endline.
Across all analyses, there are no cross-cluster dyads and there are no self-links (ii).
That is, the network adjacency matrix is block diagonal (with each block a cluster) and
the diagonal elements of the matrix are eliminated. First, we estimate undirectional dyadic
regressions by eliminating duplicate dyads ij, so that we only use the lower (or upper)
triangle of the network adjacency matrix. For duplicate dyads, we use the maximum of the
reports of RSij and RSji as the risk-sharing measure for the dyad ij.30
The independent variables of interest are T Tijc which equals one if both members of
a dyad ij were assigned to treatment, and zero otherwise; and T Cijc which equals one if
exactly one member of a dyad ij was assigned to treatment, and zero otherwise. Note
that our ITT estimates βˆ1 and βˆ2 would be very close to the treatment-on-treated (TOT)
estimates since treatment compliance was 98.4%, where compliance was defined as having
received treatment. Because treatment assignment was random conditional on cluster and
age, we include cluster fixed-effects (αc ) and baseline age (age0ijc ).31
Second, we estimate directional dyadic regressions by allowing for duplicate dyads ij and
ji, so that we use both the lower and upper triangles of the network adjacency matrix. This
allows for members of a dyad ij to have different valuations of risk-sharing, so that it is
possible for RSij 6= RSji . The directional dyadic equation we estimate is
RSijc = α0 + αc + age0ijc αa + β1 T Tijc + β2 T Cijc + β3 CTijc + ijc

(3)

which allows for the separate identification of the effects of T Cijc and CTijc , where T Cij is
equal to one if i was assigned to treatment, but j was not; and CTij is equal to one if j was
assigned to treatment, but i was not. For example, if RSij is potential transfers received,
then β2 is the effect if only the receiver was assigned to treatment and β3 is the effect if only
the sender was assigned to treatment.
30

As a test for robustness, we also present results where we use the sum or the mean of the reports of
RSij and RSji as the risk-sharing measure for the dyad ij.
31
In dyadic estimations, regressors must enter in a symmetric fashion, so we use both (agei + agej ) and
|agei − agej | as age variables.
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The undirectional dyadic regression is our primary specification. For a risk-sharing relationship which is characterized by mutuality, this undirectional regression is appropriate.
For completeness, we also present results from the directional dyadic regression (see Web
Appendix Table A5). This directional regression will be particularly useful when we later
estimate equations including explanatory variables for which the identity of the risk-sharing
member matters. For example, in Section 6.1.1, we analyze the treatment effect on transfers
conditional on the shock experience of the recipient of the transfer.
We estimate the parameters in equations (2) and (3) using OLS. With dyadic data, twoway clustered standard errors (at the i-level and j-level) will fail to capture all the error
correlations in the data. As such, we estimate the standard errors using dyadic-robust standard errors, first highlighted by Fafchamps and Gubert (2007). For a more recent extensive
discussion on dyadic-robust standard errors, see the work of Cameron and Miller (2014).32,33
We estimate these equations first using the sample of dyads which were risk-sharing at
baseline, and then second using all dyads within cluster. For undirectional regressions, the
sample consists of 1,112 baseline risk-sharing dyads and 8,241 within cluster dyads. For
directional regressions, the sample consists of 1,292 baseline risk-sharing dyads and 15,346
within cluster dyads.34

5.2

Effect on risk-sharing

Table 4 panel A presents estimates of the effect of the intervention on baseline risk-sharing
dyads, using the undirectional dyadic equation (2). Columns (1) and (2) show the effect on
potential transfers one can receive and send, respectively. We find that having both members
assigned to treatment reduced potential transfers one could receive (send) by 53 (51) percent
relative to having no member assigned to treatment; and having one member assigned to
treatment reduced potential transfers one could receive (send) by 35 (37) percent relative
to having no member assigned to treatment. The negative treatment effect on potential
32

It is unnecessary to cluster standard errors at the (geographic) cluster level because we include cluster
fixed-effects and treatment was randomly assigned within cluster. Moreover, clustering at the cluster level
may lead to the few cluster problems as we only have 25 clusters (Cameron and Miller, 2015).
33
An alternative approach to inference is the t-Statistic approach discussed by Ibragimov and Müller
(2010). This approach does not rely on assumptions made about the structure of the variance-covariance
matrix of the errors. First, we estimate a different βˆc for each cluster. Second, under the assumption
that each of the clusters are independent, we construct a t-Statistic using the 25 βˆc estimates. Results are
available upon request.
34
The sample for undirectional regressions excludes an ij = ji dyad if both i and j attrited at endline.
The sample for directional regressions excludes an ij dyad if i attrited, and excludes a ji dyad if j attrited.
Without endline attrition, the sample would have consisted of 8,301 within cluster undirectional dyads and
16,602 within cluster directional dyads.
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transfers one could receive was similar to the effect on the transfers one could send.35
When using actual transfers received and sent as a measure of risk-sharing, the effects are
similarly negative, but less precise (see columns (3) and (4)). In our study, actual transfers
were only observed over a four month period. Actual risk-sharing transfers between a pair
ij should be zero if the potential receiver of a transfer did not experience a shock in the four
month period. Because of the short observation period and because these transfers should
only be observed conditional a shock, the actual transfers variables are left-censored at zero.
We thus re-estimate equation (2) for actual transfers, but using a tobit estimator.36 Results
are presented in Table 4 columns (5) and (6). We find much larger negative treatment
effects on actual transfers when we account for this censoring. Our results suggest that
savings negatively affected pre-existing IRSAs.37
Yet even if treatment reduced risk-sharing in pre-existing IRSAs, treatment might have
also induced formation of new risk-sharing links, possibly leading to no overall effect on risksharing. To account for this possible treatment-induced rewiring of the network highlighted
by Comola and Prina (2015), we estimate equation (2) using the sample of all possible insample dyads (within geographic cluster). Table 4 panel B presents estimates of the effect
of savings on overall risk-sharing. Because we are including all possible in-sample dyads the
point estimates are much smaller compared to Panel A, but the magnitude of the effects are
similar. When either both risk-sharing partners or a single partner is assigned to treatment,
potential transfers one can receive and send decline between 32 and 43 percent.38,39 For
reference, we also present results disaggregated by subsample in Web Appendix Tables A9
and A10. The direction of the estimated effects are similar for both subsamples, but the
magnitude of the effects are somewhat smaller and are more noisily estimated in the rural
35
We formally test for this by estimating the effect of treatment on the difference between potential
transfers one could receive and send. Results are presented in Web Appendix Table A3. The estimated
effects are small and statistically insignificant, suggesting that treatment reduced potential transfers one
could receive and send by similar amounts.
36
We cannot calculate dyadic-robust standard errors for a tobit model. As such, the standard errors are
clustered at the (geographic) cluster level.
37
In Web Appendix Table A4, we present estimates of equation (2) using the sum or the mean of the
reports of i and j, instead of the maximum. In Web Appendix Table A5, we present estimates of the
directional dyadic equation (3) for the sample of dyads which were risk-sharing at baseline. The results are
similar.
38
In Web Appendix Table A6, we present estimates of equation (2) using the sum or the mean of the
reports of i and j, instead of the maximum. In Web Appendix Table A7, we present estimates of the
directional dyadic equation (3) for the sample of all possible dyads within geographic cluster. The results
are similar.
39
We additionally test for the treatment effect on the severance, formation, and net formation of risksharing links (net of the severance of links). We use an undirectional regression with dyad fixed effects using
a two-period panel (baseline and endline). Results are presented in Web Appendix Table A8. Although the
results are statistically insignificant, the directions suggest that treatment speeds up the severance and slows
down the formation of risk-sharing links.
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(2)

8241
13.1

8241
6.8

-3.7
(2.4)
-2.7
(2.2)

(6)

8241
13.1

-615.1∗∗
(284.1)
-540.7∗∗∗
(207.9)

1112
53.4

-637.8∗∗
(282.2)
-353.7
(245.2)

8241
6.8

-459.0
(279.3)
-477.2∗∗∗
(181.2)

1112
36.2

-516.5
(347.9)
-243.4
(234.4)

Tobit
Actual
Actual
Transfers Transfers
Received
Sent

(5)

Notes: Unit of observation is an undirectional dyad ij, where dependent variable is a measure of risksharing at endline. We take the maximum of the report of i and j as the dyad-level observation. Sample
in panel A includes all dyads which were risk-sharing at baseline. Sample in panel B includes all possible
dyads within each geographic cluster. Estimation procedure used in columns 1 to 4 is OLS with dyadicrobust standard errors. Estimation procedure used in columns 5 to 6 is Tobit, with standard errors
clustered at the geographic cluster level. Standard errors are shown in parentheses. Level of significance:
*** p¡0.01, ** p¡0.05, * p¡0.10. Values are reported in Kenyan Shillings (Ksh), 85 Ksh = 1 USD at the
time of the study. Included as regressors but not shown: absolute age difference between i and j, sum of
age of i and j, geographic cluster fixed effects, and a constant.

8241
62.6

Observations
Mean in Control

8241
62.2

-10.9∗∗
(4.6)
-8.1∗∗
(4.1)

1112
36.2

-13.9
(14.6)
-1.4
(15.0)

-38.1∗∗
(19.3)
-17.8
(20.4)
1112
53.4

Actual
Transfers
Sent

(4)

Actual
Transfers
Received

(3)

Observations
1112
1112
Mean in Control
371.7
364.1
Panel B: all dyads within geographic cluster
(βˆ1 ) i and j treatment
-24.9∗
-27.9∗∗
(14.0)
(12.9)
ˆ
(β2 ) i or j treatment
-20.6
-25.4∗∗
(13.5)
(12.1)

OLS
Potential
Potential
Transfers
Transfers
Can Receive Can Send
Panel A: baseline risk-sharing dyads
(βˆ1 ) i and j treatment
-195.2∗∗
-186.3∗∗
(84.2)
(76.9)
(βˆ2 ) i or j treatment
-131.9∗
-136.5∗∗
(75.4)
(66.7)

(1)

Table 4: Savings reduced risk-sharing (dyadic regressions)

subsample.
The reduction in risk-sharing among dyads which were risk-sharing at baseline was not
compensated by the formation of new risk-sharing links. This suggests that increased savings
led to a decrease in risk-sharing. To further support this result, we estimate the i-level
equation
RSic = α0 + αc + αa agei + β1 T i + ic

(4)

where RSic is the sum or maximum of transfers at endline across the j risk-sharing partners
of each individual i. Table 5 presents results which further support the notion that savings
resulted in reductions in overall risk-sharing. In column (1) we show treatment effects on
the number of risk-sharing partners (panel A) and having at least one risk-sharing partner
(panel B). We find some weak evidence that treatment reduced the probability of having at
least one risk-sharing partner by 12 percent. In columns (2) to (5), using either the sum
or maximum of transfers across risk-sharing partners, we consistently find that treatment
induced a reduction in both potential and actual transfers. For example, savings led to a
reduction in actual transfers received that is approximately 37 percent of the median cost of a
health shock. Note, however, that if treatment induced individuals to form risk-sharing links
out-of-sample, then our current analysis will not account for this. In Section 6.1.2 we show
that individuals did not increase the number of financial support partners out-of-sample (see
Table 7).

6

Potential mechanisms

Our main results suggest that promotion of mobile savings is leading to a substitution away
from IRSAs resulting in reductions in risk-sharing. In this section, we provide evidence that
this reduction was unique to IRSAs. As such, the reductions are consistent with models in
which savings substitute for IRSAs because of limited commitment and asymmetric information which plague these IRSAs. Particularly, we show that only state-contingent actual
transfers were affected (Section 6.1.1), and that non-mutual types of financial support arrangements were unaffected (Section 6.1.2). The state-contingency and mutuality of IRSAs
generate problems of limited commitment and asymmetric information which do not exist in other types of transfer arrangements. In Section 6.2 we further rule out alternative
mechanisms.
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Table 5: Savings reduced risk-sharing (i -level regressions)
(1)
Number
of Partners

(2)
(3)
Potential
Potential
Transfers
Transfers
Can Receive Can Send
Panel A: sum across risk-sharing partners
(βˆ1 ) i is treatment
-0.0355
-195.5
-229.0∗∗
(0.111)
(129.4)
(109.7)

(4)
Actual
Transfers
Received

(5)
Actual
Transfers
Sent

-92.93∗∗
(43.77)

-63.94∗∗
(25.02)

Observations
579
579
579
Mean in Control
1.087
913.9
878.5
Panel B: maximum across risk-sharing partners
(βˆ1 ) i is treatment
-0.0747∗
-173.6∗∗
-192.4∗∗∗
(0.0400)
(71.52)
(62.49)

579
154.9

579
97.15

-75.36∗∗
(35.04)

-54.07∗∗
(21.70)

579
128.2

579
87.08

Observations
Mean in Control

579
0.587

579
592.6

579
565.3

Notes: Unit of observation is an individual i, where dependent variable is a measure of
risk-sharing at endline. Outcome variables in panel A is total value of a risk-sharing measure
across all endline risk-sharing partners. Outcome variables in panel B is maximum value
of risk-sharing measure across all endline risk-sharing partners. Estimation procedure used
is OLS with robust standard errors. Standard errors are shown in parentheses. Level of
significance: *** p¡0.01, ** p¡0.05, * p¡0.10. Values are reported in Kenyan Shillings (Ksh),
85 Ksh = 1 USD at the time of the study. Included as regressors but not shown: age,
geographic cluster fixed effects, and a constant.
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6.1
6.1.1

Limited commitment
State-contingent transfers

A pair of individuals who form an IRSA may make transfers for various reasons, risksharing being only one. We test whether the savings treatment affected risk-sharing (or
state-contingent) types of transfers. If encouranging mobile savings generates precautionary
savings, then we would expect it to particularly affect state-contingent transfers.
We separately estimate treatment effects on those who did and did not experience a
negative shock using a directional dyadic equation
RSijc = α0 + αc + age0ijc αa +

(5)

γ1 (T Tijc × Si1 ) + γ2 (T Cijc × Si1 ) + γ3 (CTijc × Si1 ) +
γ4 (T Tijc × Si0 ) + γ5 (T Cijc × Si0 ) + γ6 (CTijc × Si0 ) + γ7 Si1 + ijc
where RSijc is actual transfers received by i from j in the 4-month period prior to endline, and
the variables T Tijc , T Cijc , and CTijc are defined in Section 5.1. We use a directional dyadic
regression because we are interested in one direction of the transfer (transfers received).
Specifically, we are interested in the transfers individual i received conditional on her shock
experience Si . The dummy variable Si1 is a binary shock variable equal to one if individual
i experienced a negative shock in the 4-month period prior to endline. A negative shock is
whether a household member experienced illness or injury, job loss, birth, death, theft, or
illness or death of livestock. The dummy variable Si0 is equal to one if individual i did not
experience a negative shock in the 4-month period prior to endline.
Thus, γ1 , γ2 , and γ3 are the treatment effects if i experienced a negative shock; γ4 , γ5 ,
and γ6 are the treatment effects if i did not experience a negative shock; and γ7 is the effect
of a negative shock on transfers received. First, to test for the existence of state-contingent
transfers, we test whether γ7 > 0. Second, to test for negative treatment effects on statecontingent transfers, we test whether γ1 < γ4 , γ2 < γ5 , and γ3 < γ6 . Before discussing results,
we first show in Web Appendix Table A11 that the shock variable (Si1 ) was unaffected by
treatment.
Table 6 presents estimation results for equation (5) using the sample of baseline risksharing dyads (column 1), and the sample of all dyads (column 2). The magnitudes of the
estimates relative to control means are similar across both samples, but the coefficients are
less precisely estimated when using the sample of baseline risk-sharing dyads. Using the sample of all dyads, we find that experiencing a negative shock increases the transfers received
by about 12 Ksh. Note that this effect is estimated across all possible dyads, including those
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Table 6: Savings reduced transfers received for those who experienced a negative shock

(γˆ1 ) i and j treatment and i shock=1
(γˆ2 ) i treatment, j control, and i shock=1
(γˆ3 ) i control, j treatment, and i shock=1

(γˆ4 ) i and j treatment and i shock=0
(γˆ5 ) i treatment, j control, and i shock=0
(γˆ6 ) i control, j treatment, and i shock=0

(γˆ7 ) i shock=1
χ2 test (γ1 )=(γ4 ), p-value
χ2 test (γ2 )=(γ5 ), p-value
χ2 test (γ3 )=(γ6 ), p-value
Observations
Mean in Control, i shock=1

(1)
Actual Transfers
Received by i
(Baseline RiskSharing Dyads)
-54.70∗
(30.58)
-33.62
(34.68)
-33.97
(35.30)

(2)
Actual Transfers
Received by i
(All Dyads)

-17.53
(12.06)
-3.88
(16.46)
0.91
(13.71)

-1.57
(1.52)
0.21
(1.61)
-0.09
(1.37)

41.59
(28.05)
0.21
0.39
0.31

12.12∗∗
(5.26)
0.05
0.08
0.05

1292
76.64

15346
14.93

-12.12∗∗
(5.23)
-10.05∗
(5.71)
-10.67∗∗
(4.85)

Notes: Unit of observation is a directional dyad ij, where dependent variable is actual
transfers in the 4-month period before endline. Sample in column 1 includes dyads which
were risk-sharing at baseline. Sample in column 2 includes all possible dyads within each
geographic cluster. Estimation procedure used is OLS with dyadic-robust standard errors.
Standard errors are shown in parentheses. Level of significance: *** p¡0.01, ** p¡0.05, *
p¡0.10. Values are reported in Kenyan Shillings (Ksh), 85 Ksh = 1 USD at the time of the
study. Included as regressors but not shown: absolute age difference between i and j, sum
of age of i and j, geographic cluster fixed effects, and a constant.
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who did not form a risk-sharing relationship, which is why the magnitude seems small. We
further find that treatment reduced the transfers received only among those who experienced
a negative shock. This result holds regardless of whether both the receiver (i) and sender
(j), only the receiver (i), or only the sender (j) was assigned to treatment. Among those
who experienced a negative shock, treatment reduced actual transfers between 67 and 81
percent relative to the control group (Column 2: γˆ1 , γˆ2 , γˆ3 ). In addition, we can reject the
null at the 10% level γ1 = γ4 , γ2 = γ5 , and γ3 = γ6 which suggests that it is state-contingent
transfers that are affected by increased savings. Altogether these results support our claim
that savings is leading to a substitution away from IRSA.
6.1.2

Charitable support pairs

To further support the argument that limited commitment in an IRSA is driving the negative
impact of savings on risk-sharing, we test whether treatment affected charitable support
relationships. Unlike an IRSA where support is mutual, a charitable support relationship is
instead driven by altruism or social obligation. If increases in mobile savings also reduced
charitable support relationships then an individual may simply rely less on all others if she
has access to an improved savings technology.
We estimate the treatment effect on charitable support pairs, those pairs where only
either i or j could rely on the other person for support, but not vice-versa. With i as the
reference individual, we call those where i could receive support from j “charitable-in” pairs,
and those where j could receive support from i as “charitable-out” pairs.
We estimate the same directional dyadic equation (3), but exclude pairs which were risksharing at endline to ensure that our estimated effect does not overlap with the risk-sharing
results presented in Section 5.2. Instead of risk-sharing RSij , the outcome variable is a
measure of (potential and actual) transfers one can receive from charitable-in or send to
charitable-out support partners. We first estimate the effect on the sample of dyads which
were charitable-in or charitable-out at baseline. We then estimate the effect on the sample
of all possible dyads. Table 7 panels A and B present estimation results. We do not find
evidence that treatment affected charitable support partners in-sample. Note, however, that
these estimates are quite noisy.
As we have argued, because the women in-sample are similar to each other in terms of
wealth, the financial support relationships which exist in-sample are likely to be risk-sharing
as opposed to charitable support relationships. Indeed, there are only a few such in-sample
charitable support relationships in our data. We thus additionally leverage the data we collected about unrestricted partners, which are partners that are not restricted to be in-sample.
To elicit unrestricted partners, we asked the respondent to name all of her financial support
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Table 7: Savings had no effect on charitable support pairs
(1)
Potential
Transfers
Can Receive
Panel A: baseline charitable support
(βˆ1 ) i and j treatment
-1.10
(4.93)
(βˆ2 ) i treatment, j control
-0.07
(4.27)
(βˆ3 ) i control, j treatment
13.39
(9.06)

(2)
(3)
Potential
Actual
Transfers Transfers
Can Send Received
dyads (in-sample)
-42.80
0.43
(80.06)
(1.53)
-0.64
3.70
(45.84)
(3.98)
-97.33
0.23
(139.74)
(0.74)

Observations
464
32
464
Mean in Control
1.92
0.00
0.00
Panel B: all dyads within geographic cluster (in-sample)
(βˆ1 ) i and j treatment
-0.28
0.05
0.25
(0.20)
(1.53)
(0.31)
(βˆ2 ) i treatment, j control
0.33
-0.89
0.76
(0.33)
(1.32)
(0.46)
(βˆ3 ) i control, j treatment
0.56
-2.17∗
-0.02
(0.55)
(1.13)
(0.05)
Observations
14764
14764
14764
Mean in Control
0.24
3.43
0.00
Panel C: baseline charitable support dyads (unrestricted)
(βˆ1 ) i treatment
116.4
64.5
55.3
(299.9)
(231.3)
(105.3)
Observations
Mean in Control

463
983.9

366
868.1

463
278.4

(4)
Actual
Transfers
Sent
.
.
.

32
0.00
0.75
(0.71)
-0.02
(0.30)
0.20
(0.48)
14764
0.27
-23.3
(131.2)
366
623.2

Notes: Unit of observation is a directional dyad ij, where dependent variable is a
measure of support at endline. All samples in panels A to C exclude dyads which
were risk-sharing at endline. Sample in panel A and B uses only in-sample dyads,
while sample in panel C uses only unrestricted dyads. For panel A and C, sample
in columns 1 and 3 includes dyads which were charitable-in at baseline. For panel
A and C, sample in columns 2 and 4 includes dyads which were charitable-out at
baseline. For panels A and B, estimation procedure used is OLS with dyadic-robust
standard errors. For panel C, Estimation procedure is OLS with clustered standard
errors at the i -level. Standard errors are shown in parentheses. Level of significance:
*** p¡0.01, ** p¡0.05, * p¡0.10. Values are reported in Kenyan Shillings (Ksh), 85 Ksh
= 1 USD at the time of the study. Included as regressors but not shown: absolute
age difference between i and j, sum of age of i and j, geographic cluster fixed effects,
and a constant.
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partners.40,41 Table 7 panel C presents estimation results using the sample of unrestricted
partners which were charitable support at baseline (again, excluding pairs which were risksharing at endline). We similarly do not find evidence that treatment affected unrestricted
charitable support partners.42
The results in this section and in Section 6.1.1 are consistent with the notion that the
reduction in risk-sharing resulting from increased savings is driven by limited commitment
and asymmetric information problems in IRSAs. Distinguishing between limited commitment and asymmetric information is beyond the scope of this study. However, it seems
unlikely that access to savings enabled an individual to hide the incidence of shocks. Therefore, issues of limited commitment, as opposed to asymmetric information, are thus likely to
be driving the results.

6.2

Alternative mechanisms

We rule out two alternative explanations for why the treatment might have led to a reduction
in risk-sharing. First, envy may be driving the reduction in risk-sharing. The intervention
was implemented so that some dyads will have discordant treatment status, which may lead
to envy. In such cases, envy (as opposed to limited commitment) may cause reductions
in social interaction and risk-sharing. However, we have earlier shown that the negative
treatment effect occurred both for pairs with similar and discordant treatment status (see
Table 4 and 6). Thus, we rule out envy as an alternative explanation.
40

Using data from endline, we can infer that less than seven percent of unrestricted partners were also
in-sample individuals in-sample. Although we had asked the respondent to name all of her financial support
partners, she was likely to name only some of these partners because of survey fatigue.
41
Web Appendix Figure A3 presents a histogram of the number of baseline unrestricted charitable support
partners; about 42% (19%) of the women had at least one unrestricted charitable-in (charitable-out) partner.
At baseline, the average amount that one could receive from and send to an unrestricted charitable support
partner were 1,713 Ksh and 960 Ksh, respectively.
42
In Web Appendix Table A12 we present i-level regressions of the treatment effect on all unrestricted
financial support partners (panel A) and unrestricted partners which were risk-sharing at endline (panel B).
The estimated effects are mostly positive, but statistically insignificant (or weakly significant). We offer two
explanations for why we uncover negative effects on in-sample, but not for unrestricted risk-sharing partners.
First, unrestricted risk-sharing pairs were less likely to be mutual even if they were reported to be so. The
difference between the potential amount one can receive and send with unrestricted partners is less likely to
be zero (relative to in-sample partners), and unrestricted partners tend to have higher status in community
(see Web Appendix Figure A4 and A5). Second, unrestricted risk-sharing partners were socially closer to
the respondent than the in-sample partners. In our study, 50% of unrestricted risk-sharing partners was a
family member, while less than 10% of in-sample partners was. The social value of a relationship (or social
proximity) has been widely shown to mitigate enforceability problems in IRSAs (see Angelucci, De Giorgi
and Rasul (Forthcoming, 2009); Attanasio et al. (2012); Chandrasekhar, Kinnan and Larreguy (2011, 2015);
Fafchamps and Lund (2003); Jain (2015); Kinnan and Townsend (2012); Ligon and Schechter (2012)). If
limited commitment in ISRAs is the reason why personal savings crowds them out, then it is clear why this
happened to a greater extent for in-sample risk-sharing partners.
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Second, even if the number of risk-sharing partners did not change, treatment may have
changed the the type of people with whom one shares risk, possibly inducing a negative
effect on risk-sharing. To test this, we estimate the following i-level regression
Cic = α0 + αc + αa agei + β1 T i + ic

(6)

where Cic is a mean characteristic of the set of risk-sharing partners j of individual i. We use
arguably fixed j characteristics because the goal is to estimate treatment effects on the types
of partners, as opposed to the quality of the relationship between i and j. Particularly, among
the sample of individuals who had at least one risk-sharing partner at endline, we estimated
treatment effects on the proportion of partners which is a family member, proportion of
partners with the same ethnicity as the respondent, mean value of assets of partners, and
mean of status in community of partners.43 Results, presented in Web Appendix Table A13,
suggest that treatment did not affect the types of in-sample risk-sharing partners. Thus, we
rule out change in partner types as an alternative explanation.

7

Effect on welfare

We have shown that an encouragement to save reduced risk-sharing, which may in turn
reduce welfare. First, treatment may have a negative direct effect on welfare. The increase
in self-insurance from improved access to savings may not fully compensate for the reduction
in risk-sharing, so that saving reduces the overall capacity to manage risk (Ligon, Thomas
and Worrall, 2000). Second, treatment may have a negative spillover effect on welfare. Even
absent crowding out effects on the capacity to manage risk, those who were not assigned to
receive treatment are more likely to see a reduction in the capacity to manage risk if they
were initially risk-sharing with individuals assigned to receive treatment. We further expect
that, if they exist, then the negative spillover effect on welfare should be worse than the
negative direct effect.
We separately estimate the direct and spillover treatment effects on welfare using the
following directional dyadic equation
0
Yijc = α0 + αb Yijc
+ αc + age0ijc αa +

(7)

δ1 (T Tijc × Si1 ) + δ2 (T Cijc × Si1 ) + δ3 (CTijc × Si1 ) +
δ4 (T Tijc × Si0 ) + δ5 (T Cijc × Si0 ) + δ6 (CTijc × Si0 ) + δ7 Si1 + ijc
43

Status in community was elicited using the following survey question: “Think of a ladder in which people
in your community are ranked, with the highest status people on the top rung and the lowest status people
on the bottom rung. On a ladder with 10 steps, on which step would you place yourself?”
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where Yijc is a welfare indicator of individual i in a dyad ij in cluster c. We include the
0
welfare indicator of individual i at baseline as a regressor, Yijc
. All other variables are
defined as in Section 6.1.1. We use three different measures of welfare. First, we use a
food security measure, which is the additive inverse of the food insecurity measure HFIAS
(Coates, Swindale and Bilinsky, 2007). The HFIAS module consists of nine questions with
a 4-week recall aimed at measuring food insecurity across three domains: food anxiety, food
quality, and food quantity. We multiply the HFIAS (a scale from 0-27) by negative one,
so that a more negative score indicates higher food insecurity. Second, we use a non-food
measure of welfare from the following survey question: “In the past 4 weeks, did you have
enough to spend on non-food items like clothes, medication, ceremonies etc?” If she reports
yes, we assign her a zero value, which means she had enough to spend on non-food items. If
she reports no, we ask how much was lacking for non-food expenses. We then assign her the
negative of the value she reported, so that the non-food welfare measure can be interpreted
as increasing in welfare. Third, we use a measure of subjective status from the following
survey question: “Please look at this ladder, which has 10 steps. Suppose we say that the
top of this ladder represents the best possible life and the bottom step represents the worst
possible life. Where on the ladder do you feel you and your household stand at present?”
The direct treatment effect on welfare for those who experienced a negative shock is δ1
or δ2 , while the spillover treatment effect on welfare for those who experienced a negative
shock is δ3 . We expect that the effect of a negative shock on welfare is negative, so δ7 < 0.
During the short period of this study, changes to liquid savings or risk-sharing arrangements
should have no effect on welfare for those who did not experience a negative shock, so that
δ4 = δ5 = δ6 = 0. In the longer term such changes may have an impact on welfare even
among those who did not experience a shock, but are exposed to more risk. These longer
term impacts are unlikely to materialize in the time-frame of this study.
Table 8 presents treatment effects on food security (column 1), non-food financial security
(column 2), and subjective well-being (column 3). We find that experiencing a negative shock
did reduce welfare (δ < 0), and we are unable to reject the null hypothesis that the treatment
had no effect on welfare for those who did not experience a shock (δ4 , δ5 , δ6 = 0).
We find that treatment had a positive direct effect on welfare among those individuals
who experienced a negative shock (δ1 > 0 and δ2 > 0). Among these individuals, own
treatment increased the food security score by 15 percent, reduced the deficit for non-food
expenses by 49 percent, and increased the subjective well-being score by 13 percent, relative
to those who were not assigned to treatment. In Web Appendix Table A14 we further explore
the components of the food security score and show that treatment improved food security
specifically on the food quantity domain of the HFIAS. Within the quantity domain, we find
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Table 8: Savings had a direct positive effect, but no spillover effect on welfare

(δˆ1 ) i and j treatment and i shock=1
(δˆ2 ) i treatment, j control, and i shock=1
(δˆ3 ) i control, j treatment, and i shock=1

(δˆ4 ) i and j treatment and i shock=0
(δˆ5 ) i treatment, j control, and i shock=0
(δˆ6 ) i control, j treatment, and i shock=0

(δˆ7 ) i shock=1
χ2 test (δ1 )=(δ4 ), p-value
χ2 test (δ2 )=(δ5 ), p-value
χ2 test (δ3 )=(δ6 ), p-value
Observations
Mean in Control, i shock=1

(1)
Food
security
score
(HFIAS)
1.26∗
(0.70)
1.32∗
(0.72)
0.07
(0.07)

(2)
Amount has
to cover
non-food
expenses (¡0)
1291.41
(834.22)
1303.83∗
(789.97)
-18.29
(64.64)

(3)
Subjective
status,
10-point
scale
0.47∗∗∗
(0.18)
0.44∗∗
(0.18)
-0.01
(0.01)

-0.54
(0.68)
-0.57
(0.69)
-0.04
(0.08)

-232.93
(1520.63)
-242.15
(1560.27)
-12.23
(196.34)

-0.14
(0.16)
-0.12
(0.16)
0.01
(0.02)

-2.28∗∗∗
(0.73)
0.07
0.06
0.33

-470.13
(1179.02)
0.40
0.39
0.98

-0.34∗∗
(0.17)
0.01
0.02
0.51

15346
-8.53

15346
-2633.05

15346
3.44

Notes: Unit of observation is a directional dyad ij, where dependent variable is a welfare
measure for individual i. Sample includes all possible dyads within each geographic cluster.
Estimation procedure used is OLS with dyadic-robust standard errors. Standard errors are
shown in parentheses. Level of significance: *** p¡0.01, ** p¡0.05, * p¡0.10. Values are
reported in Kenyan Shillings (Ksh), 85 Ksh = 1 USD at the time of the study. Included as
regressors but not shown: baseline outcome variable, absolute age difference between i and
j, sum of age of i and j, geographic cluster fixed effects, and a constant.
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that relative to the control group, treatment reduced the incidence of having smaller meals
by 22 percent and of having fewer meals by 34 percent.
In contrast, we do not find evidence that the treatment had any spillover effects on welfare
(we fail to reject the null that δ3 = 0). Using the lower bound on a 95 percent confidence
interval, the treatment spillover effect relative to the control group led to reductions of 0.8
percent for food security, 5.5 percent for non-food financial security, and 0.9 percent for
subjective well-being. These effect sizes are negligible, especially considering the size of the
direct treatment effects on these same welfare measures.
The positive direct effect on welfare suggests that, although promoting savings reduced
risk-sharing, an individual’s ability to cope with risk improved. Moreover, the lack of spillover
effects on welfare suggests that partners who did not receive the nudge to save seemed to
manage risk through other means. It is important to note here that all individuals in the
study were already M-PESA users, and many had savings balances at baseline. Therefore,
those who did not receive the nudge may have been able to compensate for the reduction in
risk-sharing by relying on the savings they already had, or by increasing transfers received
from risk-sharing partners outside the study. Exploring the potential for negative spillovers
to non-treated individuals among totally unbanked populations is an avenue for further
research.

8

Discussion

Combining a randomized controlled trial of a mobile money savings intervention with data
on risk-sharing links and risk-sharing activity, we study the interaction of promoting formal
liquid savings and informal risk-sharing arrangements. First, we show that the intervention
increased mobile money savings, and it did not crowd out other types of savings. Second,
we show that this reduced risk-sharing. Third, we show that this reduction is confined
to state-contingent, mutual risk-sharing arrangements, suggesting that problems of limited
commitment or asymmetric information may be driving the reduction. Fourth, we show that
although encouraging individuals to save reduced risk-sharing, it did not reduce the capacity
to manage risk.
We discuss three important caveats that should accompany our results. First, by studying
savings and IRSAs, we study how one risk management strategy affects another. Although
we tangentially show that a third risk management strategy (charitable support) was unaffected, we are unable to more concretely speak about the entire set of risk management
strategies. The zero spillover effect on welfare that we uncover implies that other risk management strategies likely come into play in order to mitigate the reduction in risk-sharing
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(Townsend, 1994). Understanding the full set of risk management strategies that the poor
utilize, especially as formal financial products are introduced differentially is an important
topic we leave for future work.
Second, we study a specific type of savings initiative, one which improved liquid savings
aimed at addressing small negative shocks without necessarily fostering asset accumulation.
It remains unclear how the welfare effects would vary with other types of savings initiatives.
On one hand, a more substantial savings intervention with larger treatment effects on savings
may lead to larger reductions in risk-sharing, thereby increasing the possibility of negative
direct and spillover effects on welfare. On the other hand, a more substantial savings intervention may foster asset accumulation which may lead to positive spillover effects, such
as those documented in Nepal by Comola and Prina (2015) and in Malawi by Flory (2011).
Nonetheless, improving liquid savings on a small scale is a common objective and, as such,
these findings are relevant to related policies.
Third, we focus our welfare analysis on ex-post responses to shocks. Reductions in
risk-sharing may lead to ex-ante responses that can reduce welfare in the longer run. For example, uninsured risk may lead individuals to sacrifice risky productive investments, thereby
decreasing income in the longer run (Dercon and Christiaensen, 2011). The negative welfare
consequences of sacrificing productive investments may take some time to materialize, and
as such we would fail to detect such welfare effects over a short study period.
Finally, these results are drawn from a relevant, but unique population. We can only
speculate about the ways in which the interaction of savings and risk-sharing differ between
this and other populations. Nonetheless, this is a non-negligible and important, vulnerable
population. Further, the existence of some crowding-out in this population supports the possibility that it might also occur in other populations and provides motivation to investigate
this question further in additional contexts.
Overall, our findings suggest that encouraging liquid savings can reduce participation in
existing IRSAs. Such potential unintended consequences should be taken into account when
designing programs of this type. Policies which strengthen local exchange arrangements, such
as formalizing rules and creating transparent systems (Beaman, Karlan and Thuysbaert,
2014; Berhane et al., 2014), may address problems of limited commitment and thereby
mitigate the reductions we observed. In our context, the net effect of liquid savings on welfare
was positive. Whether more substantial savings programs may induce sufficient reductions in
risk-sharing to negatively affect welfare remains an open question. Our research implies that
exploring this question empirically may well be worth the effort and, more broadly, suggests
that formal financial services can interact in complex and important ways with pre-existing
informal and socially-embedded services.
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