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Abstract: This paper evaluates the impact of a subsidy on Micro-health insurance offered in 41
villages in Burkina Faso. While all households were offered Micro-health insurance, a 50 per cent
subsidy on the insurance premium was offered to only the 20 per cent least wealthy households in
each village. Each household's wealth status was determined upfront through community wealth
rankings that were carried out village by village. Combining the wealth ranking data with a rich
household panel data set, the subsidy assignment rule allows us to use a sharp regression discontinuity
design to identify causal effects of the subsidy on insurance take-up, household expenditure patterns,
and health outcomes. We find, first, that the subsidy resulted in more than a doubling of insurance
enrolment implying that poor households' price elasticity of demand for health insurance is large and
equal to about -1.4. Second, we find that being eligible for the subsidy halves the probability that a
household reported at least one lost day due to illness over a period of one month. We conclude that
pricing of health-related micro-insurance products has large effects on both insurance take-up and
household welfare in low-income contexts.
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1 Introduction
Illness is one of the most frequently reported shocks in low-income countries (World Bank,
2013b). Health shocks cause indirect costs by preventing individuals from engaging in
income-earning activities and trigger high out-of-pocket (OOP) expenditures for medical care
at the same time. 1 Therefore, health shocks constitute a severe, yet, unpredictable economic
risk (Smith & Witter, 2004) threatening households’ consumption levels (Gertler & Gruber,
2002; Wagstaff, 2007). Given unhealthy working and living conditions poor people are
especially exposed to the risk of ill health (Grant, 2005) while having little access to private
insurance (Balkenhol & Churchill, 2002). In the absence of statutory health insurance poor
people thus need to rely on informal insurance mechanisms. These are not only insufficient to
fully insure consumption (De Weerdt & Dercon, 2006) but also come at high future economic
costs that can increase their vulnerability to poverty (World Bank, 2013b). 2
The objective of this paper is to evaluate impacts of a subsidy on the premium of a Microhealth insurance in the North West of Burkina Faso. In particular we investigate, first, to what
extent subsidization of micro-health insurance increases its outreach among the poor, second,
whether subsidization delivers tangible welfare effects, and third, whether a discount leads to
measurable changes in health-seeking behaviour. To address the problem of selection bias,
which arises because insurance enrolment is voluntary, we use a sharp regression
discontinuity design. More precisely, our identification strategy relies on exogenous variation
in the eligibility for the premium discount around a poverty threshold. In particular, all
households below this threshold were eligible while all households above the threshold were
not. Consequently, we estimate the intent-to-treat effect of the premium discount on outcomes
in the sub-population of households close to the poverty threshold as the difference in
outcomes between households just below and households just above this threshold.
Our findings are as follows. Regarding demand for Micro-health insurance, we find that being
offered the discount increases insurance take-up by about 9 percentage points. This implies a
price elasticity of demand of more than one. Second, regarding welfare, we find that the
probability of losing at least one day due to illness during the month preceding the interview
drops from about 4 to 2 percentage points. On the other hand, we find statistically significant
1

Household out-of-pocket expenditures are defined as “direct spending after deduction of third-party payments,
such as insurance” (Rannan-Eliya, 2010, p. 8).
2 According to Dercon (2007) a vulnerable household is “likely to fall below an agreed upon poverty line in the
future with a particular probability” (p. 25).
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evidence neither for decreases in the incidence of healthcare-related out-of-pocket
expenditures nor for more frequent visits of medical facilities or an increased incidence of
alternative treatment applied. Given our empirical identification strategy, these findings apply
to the sub-population of households located on the border of the lowest and second-to-lowest
wealth quintiles, which are households living in severe poverty by international standards.
With this paper we contribute to the following literatures. First, we add to existing evidence
on the dissemination of and demand for health insurance. Several authors have studied the
price elasticity of demand for health insurance in high-income countries. Blumberg, Nichols
& Banthin (2001) and Chernew, Frick & McLaughlin (1997) study the impact of subsidies for
employer-provided insurance on insurance take-up in the United States and find that only
large subsidies influence individuals’ enrolment decisions. Exploiting a policy change, Gruber
& Washington (2001) estimate the effect of premium subsidies on insurance take-up in the
United States and report a close-to-zero elasticity. Similarly, Royalty & Hagens (2005) find
that workers’ take-up decisions are fairly insensitive to insurance pricing. Thus, evidence
from high-income countries suggests that demand for health insurance is fairly inelastic.
Evidence for low-income countries on the relationship between price and insurance take-up
predominantly relies on hypothetical willingness to pay (WTP) studies. These can suffer from
hypothetical bias (Chang, Lusk & Norwood, 2009) and results strongly depend on the
experimental set-up (Stewart et al., 2002; Moser, Raffaelli & Notaro, 2013). To the best of
our knowledge, there are only two studies related to ours which rigorously evaluate
interventions aimed at expanding the uptake of voluntary health insurance. Thornton et al.
(2010) find that Nicaraguan workers from the informal sector are 30 per cent more likely to
enrol in a voluntary Micro-health insurance scheme when offered six months of free coverage
initially. Wagstaff et al. (2014) find that a subsidy on the premium together with an
information campaign significantly increased insurance take-up among morbid households.
Our innovations in this connection are that, first, our study is the first one located in subSaharan Africa. Second, the households targeted by our intervention are much poorer in
absolute terms than those in the other two. In our view, knowing the structure of demand is
even more crucial in low than in high-income environments because inability to afford an
insurance premium has been identified as the major obstacle to insurance take-up by poor
households (Jakab & Krishnan, 2004).
Second, this paper contributes to existing evidence on welfare effects of health insurance in
low-income countries in two ways. First, the majority of studies reports significant reductions
in OOP expenditures for insured patients (Chankova, Sulzbach & Diop, 2008; Jütting, 2004;
2

Franco et al., 2008; Saksena et al., 2010; Schneider & Diop, 2001). 3 On the other hand,
Micro-health insurance schemes do not seem to financially protect their members which has
been attributed to high co-payments (Chankova, Sulzbach & Diop, 2008: Senegal and Mali)
or higher utilisation of healthcare services by insured individuals (Aggarwal, 2010; Schneider
& Hanson, 2006). Yet, apart from Aggarwal (2010) and King et al. (2009) all of these authors
control only for observables and thus are likely to suffer from selection bias as insurance
enrolment is voluntary in all of these studies. We thus make a methodological contribution to
this literature by applying a regression-discontinuity design to elicit causal welfare effects of
health insurance in low-income countries under much weaker identifying assumptions than
the existing literature. Second, to the best of our knowledge, only Aggarwal (2010) has
estimated the effect of insurance on indirect economic costs in a low-income country, India,
and found no effect. Our paper thus makes an innovation by estimating the effect on an
important measure of the indirect cost of illness, days lost for work or schooling due to
illness, in a country of sub-Saharan Africa.
The remainder of the paper is organised as follows: section two provides background
information on poverty and health in Burkina Faso and describes the set-up as well as existing
evidence of the evaluated Micro-health insurance in Burkina Faso. The empirical approach is
introduced in section three followed by the empirical results in section four. Chapter five
contains robustness checks and points. Chapter six provides a discussion of the results,
chapter seven concludes.

2 Empirical Setting
This section introduces the CBHI scheme situated in the Nouna health district in the North
West of Burkina Faso. The first two sections provide background information on poverty and
health in Burkina Faso (section 2.1) and in the Nouna health district (section 2.2). Section 2.3
then presents the technical set-up of the insurance scheme. Existing evidence of the Nouna
health insurance is presented in section 2.4 and section 2.5 presents data and variables

2.1 Background on poverty and health in Burkina Faso
With a GDP per capita (p.c.) of US$ 447 in 2013 Burkina Faso is classified as a low-income
country (World Bank, 2013a, n.p.). In 2009 42.6 per cent of Burkina Faso’s 17 million
inhabitants were considered as poor according to the national poverty line of 103,139 CFA
3

See overview of existing studies in Table 1.
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franc (about US$ 200) (Ministere de la Santé Burkina Faso, 2010a, p. 10). Almost the same
share of people lived with less than US$ 1.25 a day in 2009 (World Bank 2013c, n.p.) (see
figure 1 for overview of different poverty measures). Poverty is especially present in rural
areas where 70 per cent of the inhabitants live. Given this high incidence of poverty it is no
surprise that the country’s Human Development Index (HDI) 4 is fifth to last and below
average for countries in Sub-Saharan Africa. In particular, life expectancy at birth only is 55.9
years (UNDP, 2013a, pp. 2-5). Infant mortality remained particularly high with 91 deaths of
1000 births (Ministere de la santé Burkina Faso, 2011a, p. 2).
Health in Burkina Faso
One major reason for the weak health indicators is insufficient access to healthcare, especially
for poor households. Although healthcare contacts per inhabitant increased from 0.22 in 2001
to 0.56 in 2009 they remain at a low level5 and exhibit great regional variation (Ministere de
la santé Burkina Faso, 2011a, p. 8). Weak health infrastructure (1) and high financial barriers
to accessing care (2) are mainly responsible for low utilisation rates of healthcare services.
Burkina Faso’s healthcare infrastructure (1) suffers from insufficient funding. Although
governmental expenditures on health p.c. have strongly increased over the past 10 years total
expenditures on health p.c. only amounted to US$ 40 in 20106 (see figure 2). According to the
WHO at least US$ 44 p.c. are required to provide essential services in low-income countries
(Xu et al., 2010, p. 4). Therefore, health infrastructure remains weak, especially in rural areas.
The average action radius of primary health centres (centre de santé et de promotion sociale,
CSPS), which constitute the first contact points of the health system, is 7.2 km and large
regional differences exist. On average a single CSPS is responsible for serving 10,000
inhabitants. While the share of professionally assisted births increased from 38 per cent in
2001 to 75 per cent in 2010 insufficient human resources still constitute the health system’s
Achilles verse. According to the latest available figures of the Ministry of Health Burkina
Faso has one doctor for 14,000 inhabitants and one nurse for 3,600 inhabitants. Yet, more
than 50 per cent of all doctors and one third of all nurses either work in the capital or in BoboDioulasso, thereby serving 10 per cent of the population (Ministere de la Santé Burkina Faso,
4

The Human Development Index combines indicators of life expectancy, educational attainment, and income
into one single index. “The HDwe sets a minimum and a maximum for each dimension, called goalposts, and
then shows where each country stands in relation to these goalposts, expressed as a value between 0 and 1“
(UNDP, 2013b).
5
According to Kloos (1990) less than 2.5 health visits per person per year indicate healthcare under-utilisation
(p. 107).
6
In order to get a feeling for magnitudes, total expenditures p.c. on health amounted to US$ 54 in Ghana, to US$
521 in South Africa, and to US$ 4723 in Germany in 2009 (WHO, 2012, p. 10).
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2010a, pp. 21-24; Ministere de la Santé Burkina Faso, 2011a, p. 21). Thus, there is a strong
urban bias to public spending on health. Absenteeism of medical staff leads to a further
deterioration of the de facto coverage rate7.
Turning to financial barriers of accessing care (2) since the adoption of the Bamako initiative8
in the early 1990s the population is charged for medical consultation and the supply of
essential generic drugs9. No statutory health insurance has yet been implemented (Ministere
de la Santé Burkina Faso, 2011a, p. 17) and in hindsight of the high poverty levels in Burkina
Faso it is no surprise that the share of inhabitants with private health insurance is negligible10.
Consequently, in the absence of any pre-payment mechanism most inhabitants in Burkina
Faso pay for healthcare at the point of service. Figure 3 shows that about three quarters of
private health expenditures are indeed OOP expenditures. The lion’s share of OOP
expenditures is spent on drugs. This holds true both for inpatient as well as for outpatient
OOP expenditures (Saksena et al., 2010, pp. 12-24).
The financial burden of OOP expenditures is severe for the inhabitants of one of the poorest
countries in the world 11 . About one fifth of households experienced catastrophic health
expenditures 12 in Burkina Faso in the period 2002/03. Among the subgroup of those
households who had any health expenditures the share even amounted to almost 40 per cent.
In particular, drug purchases were found to be one of the main drivers of catastrophic
expenditures (Saksena, Xu, & Durairaj, 2010, p. 16). Thus, in the absence of formal health
insurance there is a high chance that health shocks increase households’ vulnerability to
poverty.

7

According to Bodart et al. (2001) doctors in seven rural districts were absent on average 37 per cent of their
work time in 1997 (p. 79).
8
As a response to the financial problems of many health systems in Sub-Saharan Africa in the 1980s African
Ministers of Health launched the Bamako Initiative in cooperation with the WHO and UNICEF in 1987. The
overall aims were to improve quality and accessibility of health care services by implementing a self-financing
mechanism at district level. Donors provided a stock of essential generic drugs. The profit from selling these
drugs and user fees for consultations were used to buy back initial stock and to improve quality of services. The
initiative has been highly debated regarding the impact of the introduction of user fees on the accessibility of
services for the poor (Ridde, 2003, p. 532; Ridde, 2008, p. 1369).
9
The government decided to exempt poor households from paying for services in CSPS but no exemption
mechanism has been implemented to date (Ridde et al., 2010, p. 2).
10
According to the WHO (2013, n.p.) the share of private insurance on total private health expenditures was 2
per cent in 2010.
11
For example, a single purchase of the cheapest generic drug to treat diabetes or a respiratory disease costs the
equivalent of a one-day salary of a person receiving the national minimum wage in 2009. However, these cheap
generic drugs are often not available in hospitals (Ministere de la santé Burkina Faso, 2010b, pp. 9-10).
12
Catastrophic health expenditures are here defined as exceeding 40 per cent of household’s non-subsistence
expenditure (Saksena, Xu & Durairaj, 2010, p. 5).
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CBHI schemes in Burkina Faso
The concept of community-based health insurance (CBHI) has been promoted as a strategy
for closing the health insurance gap of poor people in low-income countries (Preker,
Langenbrunner & Jakab, 2002). By adapting insurance benefits, precedures and pricing,
CBHIs have the potential to provide risk pooling for individuals who are otherwise effectively
excluded from private or statutory health insurance (Preker et al., 2004). Furthermore, due to
their use of existing local structures and their participative nature, CBHIs present a promising
model to effectively dismantle the poor’s scepticism towards formal institutions (Jütting,
2004). Given that most schemes cannot remain financially viable without external financial
support (De Allegri et al., 2009; Ekman, 2004; Carrin, Waelkens & Criel, 2005; Preker et al,
2004; ILO, 2002), we think it is important to evaluate the effects of subsidies in the context of
health insurance for the poor.
Do CBHI schemes have the potential to close the health insurance gap in Burkina Faso?
According to the Ministry of Health only 126 CBHI schemes operated in Burkina Faso in
2005 and had in total about 60,000 members which is little compared to 17 million
inhabitants (Ministere de la Santé Burkina Faso, 2005, p. 6). Regarding policy, the official
strategy paper for the development of the health system 2001-2010 mentioned CBHI as a
financing alternative while noting that these cover only a marginal share of the population
(Ministere de la Santé Burkina Faso, 2001, p. 23). Ten years later the subsequent strategy
paper for the period 2011-2020 (Ministere de la Santé Burkina Faso, 2011a) did not address
CBHI anymore. Yet, the three-year plan (2011-2013) for the implementation of the national
health strategy included the following objectives regarding CBHI: reinforcing the operational
capacities and elaborating a national cartography of CBHI schemes (Ministere de la Santé
Burkina Faso, 2011b, p. 126). These formulated policy objectives hint at operational
difficulties of existing CBHI schemes and suggest that the government has only just begun
analysing the CBHI landscape in Burkina Faso. Concluding, at the moment CBHI does not
seem to play a major role for the health policy of Burkina Faso since the policy process of
implementing a national strategy (and legislation) for CBHI seems to be in a very early stage.

2.2 The Nouna health district (NHD)
The Nouna health district is situated in the Kossi region in the North West of Burkina Faso
approximately 300 km from the Capital Ouagadougou. 65 per cent of the covered population
live in rural villages and 35 per cent in and around Nouna town. The majority of inhabitants
are subsistence farmers with harvest period lasting from November to January. Almost every
6

second individual is younger than 15 years and illiteracy is extremely high, exceeding 80 per
cent (Hounton, Byass & Kouyate, 2012, p. 2; Gnawali et al., 2009, pp. 214-215).
Turning to illness and healthcare the average distance to primary healthcare facilities is
9.56 km, which is even higher than the national average (Robyn et al., 2012b, p. 158). In the
absence of any formal insurance mechanism illness was found to be a major cause of poverty
in the region (Belem, Bayala & Kalinganire, 2011, p. 287). Regarding financial burden of
illness Sauerborn, Adams & Hien (1996, p. 291) estimated that the financial costs of
healthcare amount to 6.2 per cent of total annual household expenditures. Drug purchases
were approximated to account for more than 80 per cent of OOP expenditures (Mugisha et al.,
2002, p. 189). Given high OOP expenditures 6-15 per cent of total households in the Nouna
region were found to experience catastrophic health expenditures even at low levels of
healthcare utilisation (Su, Kouyate & Flessa, 2006, p. 23). Moreover, compared to OOP
expenditures time costs represent more than two thirds of household costs of illness. In
particular, time costs of family members caring for a sick person are about the same than
those incurred by the sick member. Households were found to first use cash or savings and
then to sell assets (mainly cattle) to meet healthcare expenditures. A vast majority also
substituted lost labour within the household by calling children and retired people to the
fields. Yet, the majority of households still lost production. Community support (e.g. gifts)
and loans were generally not available for poor households (Sauerborn, Adams & Hien, 1996,
pp. 291-298).

2.3 The CBHI scheme in the Nouna health district
Since illness is a major cause of poverty in the Nouna region the Nouna health research centre
(CRSN) implemented a CBHI scheme in the Nouna health district in cooperation with the
university of Heidelberg. In particular, the objective of the CBHI scheme is to reduce the
financial risk associated with health shocks and to improve access to healthcare facilities.
Insurance has been offered in 41 villages and Nouna town since 200613. These villages and the
town have already been covered by a Health and Demographic Surveillance System (HDSS)14
since 1992 (Hounton, Byass & Kouyate, 2012, pp. 2-3).
13

More precisely, the 41 villages and Nouna town were split into 33 clusters and the insurance was step-wise
introduced between 2004 and 2006. In 2004 eleven randomly selected clusters were offered insurance, followed
by an additional eleven clusters in 2005. From 2006 onwards insurance was offered in all 33 clusters (De Allegri
et al., 2008, p. 3).
14
Over time the HDSS was gradually expanded to 58 villages and the city of Nouna, thereby covering about
85,000 individuals. The HDSS is administered by the CRSN founded in 1999 (Sié et al. 2010, p. 2; Robyn et al.,
2012b, p. 158).
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The scheme exhibits the typical characteristics of a CBHI. Members of the community
strongly participate in decision-making and scheme management. For example, general
assemblies serve as regular venues for all members to voice their concerns. Similarly, elected
representatives of each village form a plenary, which votes on modifications of the benefit
package and the premium level (De Allegri & Kouyate, n.d., pp. 1-6).
Enrolment is voluntary and takes place on the household level in order to limit adverse
selection. Households have to a pay an enrolment fee of 200 CFA franc (about US$ 0.4) upon
first enrolment. The annual flat premium for individuals of age 15 and older is 1,500 CFA
franc (ca. US$ 3) and for children 500 CFA franc (ca. US$ 1) (De Allegri, Sanon &
Sauerborn, 2006, p. 1521). Premiums were set according to findings of feasibility and
willingness to pay studies (Dong et al., 2004; Dong et al., 2003) and did not intent to cover
the costs of the insurance. In fact, in 2004 premiums covered only 53 per cent of the costs of
the benefit package (Parmar et al., 2012b, p. 832) and the insurance has run into a deficit
almost every year (Yemale, 2012, p. 12). Therefore, the insurance could not survive without
external donor support. Since the insurance does not have any re-insurance membership fees
and 5 per cent of the premiums are earmarked for a contingency fund (De Allegri & Kouyate,
n.d., p. 20).
Premiums are collected once a year during a long enrolment period (January – June)
following the harvest period (Robyn et al., 2012a, p. 3). Thereby, the likelihood that
households can afford enrolment shall be maximised. Yet, premiums cannot be paid in-kind
or in instalments (De Allegri & Kouyate, n.d., p. 13). In order to limit adverse selection newly
enrolled members need to wait three months until they are entitled to receive insurance
benefits (Parmar et al., 2012a, p. 2).
The comprehensive benefit package includes consultations at the primary health care facilities
(CSPS), prescribed essential and generic drugs, prescribed laboratory tests (also for antenatal
care), inpatient hospital stays (up to 15 days per episode of care), x-rays, surgical processes
that are offered by the district hospital (e.g. caesarean section, hernia, injuries), and
ambulance transport from CSPS to the hospital (De Allegri & Kouyate, n.d., p. 15). Insurance
does not cover family planning, HIV/AIDS, dental care, circumcision (Gnawali et al., 2009, p.
221), and maternity care (Robyn et al., 2013, p. 10). Members are pre-assigned at a CSPS and
are referred to the hospital only if necessary (gate-keeping mechanism) (Parmar et al., 2012a,
p. 2). At point of service insured patients do not need to make any co-payments and there is
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no limit to the number of times members can seek care at a CSPS/CMA. Given severe underutilisation moral hazard is unlikely to become an issue (De Allegri & Kouyate, n.d., p. 16).
The insurance neither contracts with private providers nor traditional healers (Gnawali et al.,
2009, p. 216) but only with the 14 public CSPS15 and the district hospital in Nouna town
(Yemale, 2012, p. 7). Since the scheme applies a third-party payment (TPP) system the
healthcare facilities are directly reimbursed and no OOP expenditures occur for insured
patients at the point of service. Healthcare facilities are remunerated on an annual capitation
basis. After the enrolment period the total level of capitation payments is calculated for each
CSPS according to the number of enrolled individuals in their catchment area. 10 per cent of
the funds are set aside to cover operational costs of the scheme. The CSPS receives three
quarters and the hospital receives one quarter of the remaining 90 per cent of the capitation
payments. These payments are only intended to cover costs of drugs prescribed to insured
patients 16 . The insurance does neither pay for medical supplies, medical equipment, nor
consultation fees (Robyn et al., 2012a, pp. 3-5).

2.4 Existing evidence of the insurance scheme
Enrolment and introduction of a premium discount for poor households
Enrolment increased from 5.2 per cent in 2004 to 11.8 per cent of the target population in
2010 (Souares, 2013, n.p.), yet, remained well below the pre-intervention estimate of 50 per
cent (Dong et al., 2003, p. 655) (see figure 4 for absolute numbers). Applying logistic
regression Gnawali et al. (2009, p. 220) found that education of the household head and use of
curative care last year were significantly positively associated with enrolment. More
importantly, households from the third and the fourth income quartile were significantly more
likely to enrol than households from the poorest quartile. Similarly, estimating a FE linear
probability model Parmar et al. (2012a) found that individuals from asset-poor households
were less likely to enrol (p. 6). In qualitative studies affordability and low quality of care were
found to be the major reasons for non-enrolment (De Allegri, Sanon & Suaerborn, 2006, p.
1522) and high drop-out rates (Dong et al, 2009, p. 176). In fact, in 2006 only 1.1 per cent of
total poor households were enrolled in the insurance. Therefore, a 50 per cent discount17 was
introduced for poor households in 2007 (Souares et al., 2010b, p. 365).
15

The amount of primary health care facilities doubled from seven in 2007 to 14 in 2011.
If drugs prescribed to insured patients exceed allocated funds, an external donor reimburses the deficit (Robyn
et al., 2012a, p. 4).
17
The subsidy reduced premiums for adults to 750 CFA franc and for children to 250 CFA franc (Souares et al.,
2010b, p. 365).
16
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In order to identify poor households a community wealth ranking (CWR) was conducted. The
CWR method entailed three steps. First, key local criteria of poverty and wealth were
obtained through focus group discussions. In the second step, villagers, community
administrators, and traditional leaders chose three local key informants who had lived in the
community for a long time. Each local key informant separately sorted cards with names of
all household heads into piles of different wealth categories defined during the focus group
discussion. Then, each household was ranked in each pile to determine its relative socioeconomic position. In the third step local key informants reached a consensus by reviewing
together the established rankings. No final rank was assigned until consensus was reached.
The poorest 20 per cent identified with the CWR in each village were eligible for the
insurance discount. Poor households received a letter and were visited by the local insurance
scheme officer (Souares et al. 2010b, pp. 364-365). The CWR turned out to be a quick and
cost efficient method to determine poor households. Moreover, the method is sensitive to
local circumstances and actively involves the community. This might increase acceptability to
target benefits for the poor. However, CWR are only rough approximates of socio-economic
status and typically exhibit low correlation with standard poverty measures based on
monetary values of consumption or income. For example, in the Nouna region, social
exclusion, followed by food insufficiency, disability, and age were found to be the dominant
determinants of poverty. CWR turned out to be less applicable in Nouna town where
community ties are weaker than in the rural villages and people do not know each other so
well (Souares et al., 2010b, p. 366-367). Further, the CWR may be vulnerable to bias since
the local key informants could have attempted to discriminate against certain households.
Since the introduction of the discount enrolment of poor households increased from 1.1 per
cent in 2006 to 11.2 per cent in 2007, yet then slightly fell again to 7.7 per cent in 2008 and
9.1 per cent in 2009 (Souares, 2013, n.p.). Adverse selection increased with the introduction
of the discount. Sick individuals eligible to receive the discount had a higher probability to
enrol than sick people who were not eligible to receive a discount (Parmar et al., 2012a, p. 6).
Utilisation of healthcare services
Regarding utilisation estimates from a logistic regression suggested members were 2.23 times
more likely to use healthcare services than non-members (Hounton, Byass & Kouyate, 2012,
pp. 4-5). Yet, insurance does not seem to sufficiently remover barriers to utilisation for poor
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people. By applying logistic regression18 Parmar et al. (2013, pp. 4-5) found no significant
difference in utilisation for individuals living more than 5 km away from a healthcare
facility19. This is problematic since poor people tend to be clustered in remote regions. In fact,
the time cost of seeking care was estimated to be 34 per cent of total time cost per illness
episode (Sauerborn et al., 1995, cited in Gnawali et al., 2009, p. 221). The hypothesis that
indirect costs such as transport costs and opportunity costs of time spent for seeking care
constitute severe barriers to utilising healthcare services for poor people is further supported
by findings from Gnawali et al. (2009). Applying propensity score matching they found a
significant increase in outpatient visits only for insured individuals of the richest quartile and
no effect on hospitalisation for any wealth strata (p. 220). Indirect costs might also explain
why Robyn et al. (2012b, pp. 160-161) could neither find a significant reduction in the
probability of self-treatment nor of seeking a traditional healer for insured individuals. In fact,
approximately two thirds of insured patients opted for self-care or a traditional healer as their
first treatment choice. Apart from indirect costs a lack of understanding of the benefit package
was also identified as a residual barrier to utilisation (Robyn et al., 2011, cited in Robyn et al.,
2013, p. 10).
In short, although enrolment rates have slowly, yet, continuously increased evidence
regarding utilisation of healthcare services remains mixed. Barriers to accessing care beyond
user fees seem to hinder utilisation, especially for poor households.

2.5 Data and variables
The empirical analysis relies on a matching of three independent data sources. First, for health
outcomes and expenditures, we use three waves (2007 to 2009) of a household survey
comprising 990 randomly drawn households (De Allegri et al., 2008). 20 Second, for
constructing the forcing variable in our regression discontinuity design, we use the villagewise community wealth rankings (CWR) conducted in 2007.21 Third, we use administrative
data from the insurance provider for each household’s enrolment status.
The Nouna household survey was renewed in 2003 in hindsight of the introduction of the
insurance scheme in 2004. The household survey covers the same 33 clusters used for the
18

Note that findings from Hounton, Byass & Kouyate (2013) and Parmar et al. (2013) may have failed to
sufficiently account for selection bias.
19
Note that the average distance to a healthcare facility in the Nouna region is 9.5 km (see section 2.2).
20
In order to check the validity of our identification strategy, we further make use of the pre-intervention survey
round in 2005 (see Section 3.3).
21
Note that CWR score was missing for 2,903 individuals in 2008 and for 2,956 individuals in 2009. These were
dropped from the sample.
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step-wise role out of the CBHI scheme. Using the sampling frame of the HDSS already
operating in the region a total of 990 households (30 households per cluster) were randomly
selected, approximately 10 per cent of the population22 (De Allegri et al., 2008, p. 3). While in
2007, 2008, data was collected before the rainy season (between April and June), in 2009 the
surveys were conducted afterwards between September and November. As seasonality is
assumed to be an important factor on the incidence and pattern of average morbidity in this
region, our analysis takes a special look at such differences across 2008 and 2009.23 Since
most people enrol at the end of the enrolment period in June insurance status of the year 2007
(2006) was matched to survey results of 2008 (2007). Results should not be biased by the
three months waiting period since at the time of the survey people were already enrolled for at
least three months in 2009 and for at least eight months in 2007, 2008. The final sample
consists of 21,839 observations.
Descriptive statistics of the full sample are presented in table 2 and a list of variables is
provided in table 3. The recall period for illness-related indicators is one month. About 6 per
cent of the individuals in the sample are enrolled in the CBHI which reflects the low take-up
rates that have been reported for the first years after the introduction of the CBHI. Within the
sample, 8.4 per cent suffered from at least one episode of illness during the past month and
one in four illnesses that have been reported were perceived to be life threatening. Even
though about some treatment has been applied to about 85 per cent of the reported illnesses,
medical treatment through a primary health care facility or a district hospital was only
obtained 23 per cent of the illnesses reported.
Turning to cost of illness the variable OOP expenditures is constructed as the sum of transport
costs, expenditures for drugs, material, and consultations 24 , subsistence costs 25 , and
hospitalisation costs. The variable exists in two specifications; the first one is related to any
treatment that has been applied, the second one corresponds to medical treatment that is
reimbursable through the CBHI scheme. As only a very small fraction of individual in the
sample reported any non-zero OOP expenditures at all we are restricted to an analysis with

22

„The sample size was estimated in advance to have a 90 per cent power of detecting an increase in health
service utilisation of one visit per year between insured and non-insured assuming 2-sided type 1 error
probability of 0.05 and given enrolment rate of at least 50 per cent” (De Allegri et al., 2008, p. 3).
23
Table (2) reports on descriptive statistics of the pooled sample and of the single cross-sections. During the
empirical analysis estimates obtained from the single cross-section in 2009 are reported additionally.
24
Consultation costs are defined as costs for consultation and payments to speed up medical examination or to
improve quality of care.
25
Subsistence costs both for the sick person as well as for accompanying individuals include costs for
accommodation and meals and presents for the individual offering her place as accommodation.
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respect to OOP expenditure incidence. This specification may overestimate the true burden of
disease since it does not account for (in-kind or cash) transfers from other households
(Sauerborn, Adams & Hien, 1996, p. 291). Only 2.8 per cent of individuals had any OOP
expenditures within the last month, and in every second case OOP expenditures were
associated with seeking care at a CSPS or CMA.
The variable days lost is constructed as the total sum of days a person was prevented to work
or go to school due to illness in the last month. These measures aim at providing a proxy for
the opportunity costs of illness since during illness individuals cannot engage in well-being
enhancing activities, e.g. generating today’s income or investing in human capital for
improving future income earning opportunities. Yet, it should be noted that since the variable
does not take into account whether households substitute labour it is only an insufficient
proxy for actually foregone income. Only about 4 per cent of the sample could not go to
school or work due to illness for at least one day and the mean amount of days lost due to
illness is 0.217 days.
On average an individual spent in total about 15,119 CFA franc (about US$ 30.3) during the
previous five months and possesses more than one animal. With an average age 23.4 years the
Nouna district has a young population while mean household size is 16.4. The latter is based
on local definition that household includes all individuals sharing resources to meet basic
needs (Sié et al., 2010). About one third of the sample lives in Nouna town.
Comparing these figures from the full sample with the descriptive information from the single
survey rounds reveals an interesting possible seasonal pattern. Variation in mean values
across years is mainly driven by the survey round 2009, which has been conducted after the
rainy season. While during the dry season, lower respiratory infections are the main cause of
morbidity during rainy season it is much likelier to fall ill with malaria, the most frequent
health issue in this region (Fink et al., 2012). A higher sensitivity to falling ill in the rainy
season seems to be confirmed by the data. Average incidence for having suffered from at least
one illness during the last month in 2009 is more than twice as high as average illness
incidence for 2007 – 2008. An incidence for life-threatening illnesses in 2009 three times as
high as in earlier years shows that morbidity after rainy season not just more frequent but also
more severe. Not surprisingly, this translates into a higher incidence of seeking health-care
treatment at CSPS/CMA and the costs attributable to it; both variables show an incidence
about three times as high as the earlier years’ averages. Finally, average total expenditures
point to possible welfare implications of seasonality. While the average value for total
expenditures within the last month is in line with earlier years, the total expenditure variable
13

for a longer recall that includes the whole rainy season is about 25 per cent below average.
This observation may lead to the assumption that households in Nouna experience lower
overall consumption levels during rainy season. Further considerations with respect to
seasonality are postponed towards the result section.

3 Empirical Approach
By applying a sharp Regression Discontinuity Design (RDD) the following analysis aims at
accounting for selection bias when estimating local average treatment effects (LATE) of
eligibility to discount on CBHI enrolment and the intent-to-treat (ITT) effects of eligibility to
discount on health-seeking behaviour and economic costs of illness. In particular, the sharp
RDD exploits a discontinuity in the offer of a 50 per cent discount on the insurance premium
for poor households. After explaining the RDD the assumptions for internal validity of the
identification strategy are discussed and the empirical specification is presented.

3.1 Discontinuity in eligibility to premium discount
As described in section 2.4 a community wealth ranking (CWR) was conducted in order to
determine the 20 per cent poorest households in each village. Each household received three
independent scores, one from each local key informant, and by consensus the 20 per cent
poorest households were determined. From 2007 onwards households determined as poor
could enrol in the CBHI by paying only 50 per cent of the insurance premium. In order to
construct a CWR variable the average of the three scores of the local key informants was
calculated for each household. On the basis of these averages and conditioned on whether
they were ultimately declared eligible or not, households were ranked. Then a normalised
CWR variable was constructed with values from -0.2 to +0.8 and the cut-off at zero.
Households belonging to the 20 per cent poorest households have a negative value and are
eligible to discount, the remaining 80 per cent of the households have a positive value and are
not eligible to discount. This can be formalised as follows:
(1)

1
0

Zi denotes eligibility status. Zi=1 if the CWR score xi is smaller than the cut-off x0. If an
individual’s CWR score xi is greater or equal x0 she is not eligible to discount and Zi=0.
Therefore, at the threshold there is a discontinuity in eligibility to discount, which can be used
to estimate the effect on the outcome variables. The RDD is sharp since eligibility to discount
is a deterministic and discontinuous function of the covariate xi, the CWR score. It is a
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deterministic function because one can infer from the CWR score whether an individual is
eligible to discount or not. There is no value of the CWR variable at which one observes both
treatment and control observations. It is a discontinuous function because no matter how close
one gets to the cut-off treatment is unchanged as long as it does not pass the threshold.
Let Yi be the outcome of individual i. All individuals with a CWR score smaller than x0 are
eligible to treatment, thus one can only observe E[Y1i|xi] to the left of the cut-off. Individuals
to the right of the cut-off are not eligible to treatment so one can only observe E[Y0i|xi] to the
right of the cut-off. Comparing these observable average outcomes in a small neighbourhood
around the cut-off then yields the average treatment effect at the cut-off x0,
lim
→

|

Δ

|

Δ

|

,

(2)

for some small positive number Δ.
The great advantage of RDD is that it requires relatively weak identifying assumptions. In
particular, the average outcome of those above the cut-off (and thus not eligible to treatment)
can be used as a valid counterfactual for those right below the cut-off (and thus eligible to
treatment) if E[Y0i|xi] is continuous. In other words, the identifying assumption is that “all
other unobservable factors need to be ‘continuously’ related to the forcing variable” (Lee &
Lemieux, 2009, p. 11). Continuity holds if individuals cannot manipulate the forcing variable,
their CWR score. In particular, individuals must not be able to precisely sort around the
discontinuity threshold. Then, the variation in the treatment in a neighbourhood of the
threshold is ‘as good as randomised’ (Angrist & Pischke, 2009, pp. 251-256; Lee & Lemieux,
2009, pp. 7-12).
Estimating the average treatment effect in a small area around the cut-off also yields the
advantage that one can “estimate the treatment effects in a way that does not depend on the
correct specification of a model for E[Y0i|xi]” (Angrist & Pischke, 2009, p. 152). In other
words, it strongly reduces the probability that unaccounted nonlinearity in the counterfactual
conditional mean is mistaken for a jump induced by treatment. Nevertheless, the advantage of
moving closer to the cut-off and obtaining relatively unbiased estimates of the “real” local
effects comes at a cost. Trimming down the interval around the cut-off obviously reduces the
sample size and makes the estimation less precise. This trade-off in selecting the optimal
interval around the cut-off constitutes a central challenge in the empirical application of a
RDD (Lee & Lemieux, 2009).
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3.2 Internal validity of the identification strategy
How valid is the assumption that individuals cannot manipulate the forcing variable with
respect to eligibility to discount for the CBHI scheme in Nouna? The CWR determined the
20 per cent poorest households, hence there was no absolute poverty threshold but the CWR
applied a relative concept of poverty. Thus, if households tried to appear poorer than they
actually were in order to become eligible to discount they could only approximate how poor
they need to appear for being allocated into the lowest wealth quintile. Moreover, the CWR
applied a set of characteristics determining poverty and wealth. In order to manipulate their
score households would thus have needed to manipulate an array of wealth determinants to
significantly increase the probability of being allocated into the lowest wealth quintile.26 This
makes it very unlikely that households were able to precisely sort around the cut-off.
Yet, the three local key informants determining each household’s score may constitute a
potential source of fraud through elite capture. For example, households might have been able
to exploit strong personal relationships with one of the local key informants to influence their
ranking score. Still, in order to precisely sort into the eligible group households would have
needed to arrange for a preferential ranking with all three local key informants since final
scores were determined by consensus. Room for elite capture was further reduced by making
the targeting results public afterwards and allowing community members to object to the
results. Consequently, it appears unlikely that households were able to influence the
informants in a way that enables them to precisely sort around the discontinuity cut-off.
Advantageous selection with respect to household’s health characteristics might play a bigger
role in undermining the RDD’s validity. As communities were informed about the purpose of
the CWR upfront, it is not unlikely that informants put disproportionally much weight on
household’s health outcomes (that were observable to them). Especially in cases where the
three informants had to reach a consensus (which, on average, represent those cases close
around the cut-off) one could expect them to favour households with low health outcomes for
eligibility (e.g. expressed by a chronically ill household member). Nevertheless, such a
disproportionally high weighting of health components does not pose a threat to the RDD as
long as the informants have applied this weighting rule consistently. From our perspective,
such an assumption seems more likely than expecting the informants to abruptly change their
personal (and form outside unobservable) wealth assessment rule as soon as they consider
26

The main determinants for CWR judgements are not easily assessed but investigated in another strand of
literature. In the context of East African villages, for instance, manipulation of the own wealth rank is expected
to be most effective when households primarily focus on changing visible resources (Kebede, 2009).
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people close to the first wealth quintile. Nevertheless, this possible source of bias has to be
examined.
As a robustness check for individual manipulation Lee & Lemieux (2009) propose to examine
the density of the forcing variable in order to check for a suspicious high density on the
eligible-side of the threshold (p. 17). Yet, the applied relative wealth measure predetermined a
fixed number of eligible households, namely the poorest quintile in each village. Therefore,
by construction there can be no bunching of households just below the cut-off.
Another recommended robustness check is to compare the subsamples below and above the
threshold with respect to a number of demographic and socio-economic characteristics (Lee &
Lemieux, 2009, p. 17; Imbens & Wooldridge, 2008, pp. 59-60). The idea is that since
individuals are as good as randomly assigned at either side of the threshold they should be
very similar in observed characteristics. Obviously, this does not easily hold for variables that
we assume to be affected by the intervention, here eligibility to discount. Thus, ideally one
considers baseline covariates that have been determined before the subsidy was implemented.
We check for such baseline variables in section 5.5. Here, we look at table 4 where
descriptive statistics of 18 variables based on eligibility status are presented. In general it is
clearly visible that the difference in means of socio-economic covariates shrinks the further
the sample is restricted to the area around the threshold. When taking observations within one
decile around the wealth cut-off into account only the sample mean of the variable age remain
significantly different. As there are many covariates, it is likely that this discontinuity appears
to be statistically significant by random chance (Lee & Lemieux, 2009).
In addition to comparing the means of the covariates Lee & Lemieux (2009, p. 49) also
propose to regress covariates on the variable eligibility to discount. If individuals are truly as
good as randomised there should be no significant effects. The results of such an exercise are
presented in section 5.5 as well.
Based on the theoretical consideration laid out in this section and the validity checks that will
be presented more detailed in section 5.5 we are very confident, that the discontinuity is
regarded as sufficiently valid to estimate the ITT effect of eligibility to discount on the
outcomes of interest.
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3.3 Empirical specification
As suggested by Lee & Lemieux (2009), our estimating equations are based on a so-called
local linear regression model of the following form,
∗

(3)

where i refers to one individual and Yi is one of the five outcome variables of interest, namely
being enrolled in the CBHI (data source: insurer’s administrative data), any day lost due to
illness in the last month, any OOP expenditures for medical treatment during the last month,
any treatment of illness during the last month, or any medical treatment within a CSPS/CMA
during the last month (data source: household survey). Discounti is an indicator variable for
subsidy eligibility and WealthRanki gives the average wealth ranking score for each
individual (data source: community wealth ranking). The specification above allows for
different slopes at both sides of the threshold and can be estimated by ordinary least squares.
In our estimations we include households whose wealth ranking is in a pre-specified interval
around the eligibility threshold (e.g. poorest two quintiles or second and third-poorest
deciles).
As pointed out in the beginning of this section, the trade-off between a lower bias in
estimating the real local effect and more noise in the estimation due to a smaller sample size
poses a challenge to the choice of the right interval size. Even without trimming the interval
our outcome variables of interest show a fairly high incidence of zero values, ranging from
92.8 to 98.6 per cent (see the first column in table 2). While eligibility for discount is
expected to work through a channel that directly affects CBHI enrolment, we consider ITT
effects only for the remaining four outcomes. Consequently, the magnitude of the ITT effects
can be expected be lower which translates into even less variation of the observations around
the cut-off. Hence, we decided to use a wider interval for estimating the local linear
regressions of the four outcomes than for the enrolment variable. The former draws on a
sample that is trimmed towards two deciles around the wealth threshold, the sample for CBHI
enrolment is trimmed towards one decile. In addition, section 5 provides results of the same
local linear regression for varying interval sizes, a common robustness check of the RDD
recommended by Lee & Lemieux (2009).

4 Main Results
The following sections present results for insurance take-up followed by results for two
outcomes that describe economic costs due to illness and by two outcome variables of health18

care seeking behaviour. As recommended by Lee & Lemieux (2009, p. 48) heteroskedasticity
robust standard errors are applied. 27 Since the timing of the survey round in 2009 was
different to earlier rounds the results based on this single cross-section are reported together
with the full-sample results.

4.1 Insurance enrolment
The plots depicted in figure 5 in row (a) show the relationship between eligibility to discount
and enrolment in the CBHI without interval trimming for the full sample (left-hand side) and
the 2009 wave (right-hand side). The scatter plot is obtained by calculating averages of the
outcome variable, here enrolment incidence, across different wealth quantiles. In row (a) the
wealth score is stratified across 40 wealth groups and each dot denotes 2.5-percentile mean of
CBHI enrolment incidence.28 The regression line is obtained by first running the local linear
regression of eligibility to discount on CBHI enrolment and fitting the predicted values into
the graph afterwards. As one can see easily, the specification of the regression model allows
for different slopes at both sides of the cut-off.
Both plots in row (a) reveal a positive relationship between the CWR score and the
probability of enrolment, which is not surprising since wealth was found to be an important
determinant of CBHI membership. Yet, it is clearly visible that that there is a jump where the
CWR score equals zero. Individuals with a negative CWR score close to the cut-off seem to
have a higher probability of enrolment than individuals to the right side of the cut-off with a
small positive CWR score. Figure 5 in row (b) shows the same relationship only for
observations in a one decile interval around the cut-off. According to the plot on the left-hand
side the size of the jump is approximately 0.09 indicating that the probability of enrolment
jumps by about 9 percentage points with eligibility to discount. The regression lines
approaching the cut-off from the right and the left are of a similar shape when compared to
the non-trimmed sample. This points to a robust effect where heterogeneity problems play a
minor role. A similar picture emerges for the 2009 sample even though the jump of about 13
percentage point is of higher magnitude. Both graphs in row (b) support confidence that
eligibility to discount is a good predictor for enrolment in the CBHI. Moreover, graphs do not
show any jumps other than at the cut-off. This is reassuring since at any other point of the
CWR score treatment does not change and hence there should be no jump.
27

Results did not change when using ‘normal’ standard errors.
When the sample around the cut-off is trimmed, the bandwidth is adjusted in a way that ideally illustrates the
data. The idea is to choose a bandwidth wide enough to make the plot less noisy but not that wide to cover all the
variation (Lee & Lemieux, 2009)
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Further, regression estimates of the effect of eligibility to discount on enrolment shown in
table 5 also suggest a large positive effect for individuals within the wealth decile around the
cut-off. The size of the coefficients is large and translates into an upward jump for eligible
individuals close to the cut-off of about 0.09 and 0.143 for the pooled sample and the 2009
sample, respectively. Regarding the magnitude, both estimates are perfectly in line with what
we observed in the plots in figure 5 (b). Taking the coefficient of the full sample (column 1)
as an example, eligibility to discount is estimated to increase the probability of enrolment on
average by 9 percentage points. Given an average enrolment incidence of 6.2 per cent, this
implies that the price elasticity of demand is large and equal to about -1.4. In both sample
specifications, estimated coefficients for eligibility to discount are statistically significant at
the one per cent level. When comparing both estimates, it appears that a possible loss in
precision due to a smaller sample size in 2009 is easily offset by a higher local average
treatment effect after the rainy season.

4.2 Welfare and health outcomes
We go on to estimate the welfare effects of the intervention by looking at both an outcome
variable for indirect and direct economic cost of illness. For the remainder of this section we
focus on the outcomes of all individuals (not just those that enrolled) around the threshold and
obtain intent-to-treat effects. That is the effect of being offered the subsidy on outcomes
averaged over the entire population close to the threshold, including those who choose not to
enrol. ITT estimates in section 4.2 and 4.3 are based on a sample that is trimmed towards two
deciles around the wealth threshold.
In the following we present estimated ITT effects of eligibility to discount on whether a
person lost at least one day due to illness during the last month. This measure aim at
providing a proxy for the incidence of opportunity costs of illness since during illness
individuals cannot engage in well-being enhancing activities.
Estimation results are presented in the first two columns of table 6. The main finding is a
robust reduction in the probability of losing at least one day due to illness. Irrespective of
taking observations from the full sample or the 2009 sample the coefficient is large and
negative for individuals belonging to the two wealth deciles around the cut-off. Taking the
coefficient from the full sample as an example estimates suggest that eligibility to discount
reduces the probability that an individual has lost at least one day due to illness on average by
2.1 percentage points. Economic significance is quite large given a sample mean of about 4
percentage points (table 2) and a recall period of only one month. In this sense being offered a
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50 per cent price discount on the CBHI premium on average reduces probability that an
individual has lost at least one day due to illness by about 50 per cent. In 2009 the coefficient
equals to about -0.065 which is about three times the size of the full sample coefficient and
translates into a probability reduction of about 85 per cent. Both estimates are statistically
significant at the 5 per cent level. These local ITT effect estimates are reflected by the two
plots drawn in row (a) of figure 6. The downwards jumps at the wealth cut-off is large and in
line with the coefficients in table 6.
Before turning to results for direct economic cost of illness it should be noted that the sample
was restricted to individuals older than 16 years as it was assumed that parents pay for the
medical expenses of their children.29 Column 3 and 4 in table 6 show regression results for the
local ITT effects of eligibility to discount on the OOP incidence of having looked for
treatment at a CSPS/CMA. We find suggestive evidence for a reduction in the probability
whether an individual has had any OOP expenditures in the year 2009. As one might expect
the coefficient for eligibility to discount in 2009 is negative and amounts to 2.5 percentage
points. Nevertheless, for this specification no statistically significant effect at can be found.
The estimated coefficient of zero in the full sample is confirmed by the corresponding plot in
row (b) of figure 6 where one can hardly detect any significant jump. Even though thinks look
a little bit better for the 2009 sample, on the right-hand side of row (b), the high dispersion of
the dots around the threshold shows the limitations brought by an outcome variable where
only 1.4 per cent of the sample reported to had any OOP expenditures. By comparing both
coefficients on might assume that possible ITT effects are mainly driven by observations in
2009, when morbidity was mainly driven by the pattern of rainy-season. Reducing the sample
to those individuals who actually had any OOP expenditures and then estimating the effect of
eligibility to discount on OOP expenditure incidence did not produce any significant results.
Health-seeking behaviour
A last group of outcome variables hints towards possible intent-to-treat effects of eligibility to
discount on health-seeking behaviour. It goes beyond the pure issue of insurance demand and
based on the idea that buying and effectively using health insurance are two different things.30
Estimating ITT effects of eligibility to discount on the incidence of having looked for health
treatment provides first guidance in predicting potential effects of the CBHI scheme on health
29

Bauhoff, Hotchkiss & Smith (2011) also excluded children when estimating the effect of a medical insurance
for the poor on utilisation in Georgia.
30
Especially in a context where the understanding of formal insurance mechanisms is relatively low and
premiums are highly subsidized
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outcomes in Nouna. The variable incidence of any treatment states whether the individual
treated at least one illness during the last month. The main finding is that being eligible to
discount reduces the probability of having applied any health treatment, albeit this effect is
imprecisely estimated. When considering the full sample, being eligible to discount on
average reduces the incidence for having applied any treatment by 2.3 percentage points.
Such a local ITT effects translate into a non-trivial average reduction in the outcome of about
30 per cent. The familiar pattern of obtaining coefficient estimates of higher magnitude in the
2009 sample holds here as well where the coefficient equals -0.06. Both estimates are
statistically significant at only the 10 percent level. The corresponding plots are in row (c) of
figure 6. When the bandwidth around the threshold is varied, the statistical significance of this
effect disappears (see below).
A similar pattern obtains non-medical treatments (self-treatment and treatment by traditional
healers). For the 2009 sample only, we obtain a point estimate of -0.014. However, this
estimate is far away from being statistically significant at the 10 per cent level. The estimates
do not appear very robust neither as for both sample specifications the sign of the coefficients
point towards opposite directions.

5 Robustness checks
In this section we check for robustness of the results with respect to alternative specifications
of the sample and the functional form. The last subsection presents robustness checks with
respect to the internal validity of the RDD.

5.1 Alternative sample specifications – Trimming and local linear regression at
household level
As it was mentioned in section 3.1 one might expect more accurate estimates of the local
average treatment effect for smaller interval around the wealth cut-off. Consequently, for a
fairly narrow interval we expect the local linear regression to provide a suitable
approximation of the real underlying functional form. Obtaining very different coefficient
estimates for varying interval sizes indicates that the real underlying functional form is likely
to be non-linear over the whole range of the wealth score.
Trimming
For considerations of space, we discuss only the results for the ITT estimates which are
presented in table 7. These estimates are based on the full sample comprising survey rounds
2007 to 2009. While the sample was initially restricted towards two wealth-deciles around the
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cut-off, table 7 presents estimation results when the interval is restricted towards four deciles
and one decile around the cut-off. Starting with the incidence of having lost at least one day
due to illness, coefficients show the same sign. Even if one loses about half of the
observations by moving closer to the cut-off we still obtain a statistically significant ITT
effect which is about one percentage point higher than the original one. When running the
regression over a wider range of the wealth score the effect becomes weaker and the estimate
loses its statistical significance. In column 3 and 4 we find very small and statistically
insignificant ITT estimates of the effect of eligibility to discount on the incidence of OOP
expenditures for medical treatment. This is in line with the initial estimate we found of about
zero. Even though not statistically significant, the coefficients for incidence of any treatment
remains of the same size when moving closer to the threshold and higher standard errors seem
to be responsible for losing statistical significance. As expected, the estimated effect slightly
diminishes when widening the wealth interval. Finally, nothing surprisingly appears with
respect to the incidence variable of medical treatment, as the coefficient becomes negative
when moving closer to the cut-off.
Household level
Further, we are interested whether the local ITT effects we observed so far at individual level
are robust against shifting the unit of observation up to the household level. The four
incidence outcome variables of interest have been aggregated at household level and are one
if at least one family member shows a non-zero value in the corresponding outcome. The
same local linear regression introduced in section 3.3, equation (3), was used with households
as the unit of observations. Coefficients were estimated for both, the full sample and the 2009
sample and results are presented in table 8. At household level the local average treatment
effect on CBHI enrolment is on average by 91 per cent higher than the coefficients we
obtained for enrolment at individual level. Since the advertising, targeting and distribution of
the insurance product were conducted at household stage, on average a higher price elasticity
of demand for households might come not as a surprise. Coming to the remaining outcome
variables, all coefficients show a pattern fairly similar to the main results from table 8 even
though the reduction in sample size substantially contributes to less precise estimations.
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5.2 Alternative functional specifications – Local polynomial regression estimates
and Panel RDD
Local polynomial regression
In order to check how results differ when a different underlying functional form is assumed
we also explore a local polynomial regression with distinct polynomials to the left and right of
the cut-off. In particular, our estimating equations are now based on the following so-called
local polynomial regression model,

∗

∗

(4)

where i still refers to individuals and Yi denotes the five possible dependent variables.
According to the local polynomial regression results in table 9 estimated coefficients look
quite similar. In cases where our local linear specification produced statistically significant
estimates (table 6), their polynomial counterparts show the same sign and never differ from
the former ones by more than ten percent. Regarding OOP expenditure incidence for medical
treatments we find a negative ITT effect of about 5 percentage point for the 2009 sample
which is statistically significant at the ten per cent level. Thus, a non-linear specification
might better control for the real underlying function that maps the wealth score values on the
corresponding OOP expenditure incidence range. On the other hand, more precise estimates
are provided by local linear regression when the probability of having applied at least one
health treatment is considered. The corresponding plots for CBHI enrolment and the four
outcome variables are illustrated in figure 7 and 8, respectively. In cases where statistically
significant ITT effects have been found the plots match the results fairly well. Nevertheless,
the shape of the polynomial regression lines does not appear to be very robust with respect to
different interval sizes around the wealth cut-off. Altering the interval size may lead to
considerable changes in the shape of the fitted polynomial regression lines (not presented here
but available on demand).
Panel RDD
By exploiting the fact that the survey round in 2007 can be regarded as a baseline round we
finally set-up a panel data structure which allows us to estimate the local linear regression
with individual fixed effects. The main idea is to net out the time-invariant variation in the
error term in order to increase the precision of the estimation (Lee & Lemieux, 2009). This is
accomplished by interacting the treatment variables from equation (3) on both sides of the
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cut-off with a time dummy that equals one if one picks an observations from the endline
round, 2008 or 2009. More precisely, the regression model in this specification is
∗
∗

∗

∗

∗

(5)

where Gt07 is the time variable. The estimation results of this exercise are reported in table 10.
Please note that the panel structure requires the use of a balanced sample where only those
individuals are included who responded in the baseline year 2007 and at least in one endline
year. Local average treatment effects of eligibility to discount on enrolment are large, positive
and statistically significant at a one per cent level. They seem to be mainly driven by the
variation in the 2009 endline survey as the magnitude of the coefficient equals the one from
the 2009 cross-section. Nevertheless, for all estimated coefficients we obtain higher standard
errors than in the main estimation with the pooled ordinary least squares estimation. Thus, in
this context, the panel structure does not add value with respect to more precise estimates.

5.3 Testing for internal validity of the RDD
We also conduct two further robustness checks in order to test whether the assumptions
needed for the RDD to be valid do hold. First, we carry out a placebo test by estimating the
relationship between eligibility to discount and enrolment prior to the introduction of the
discount in 2007. The plots (figure 9) as well as regression estimates of the placebo test (table
11) show inconsistent results across both years and are of much lower magnitude than all the
estimates we obtained from the ex-post specifications. In addition, coefficient estimates vary
enormously for different trimming of the wealth interval around the threshold. That is
different to the ex-post specifications where estimates for the LATE on CBHI enrolment
always behave fairly robust across different degrees of sample trimming. Therefore, we
conclude that the strong effect of eligibility to discount on enrolment appears to be robust.
Following the considerations in section 3.3 and the recommendation by Lee & Lemieux
(2009, p. 49), we regress covariates on the variable eligibility to discount. By doing so we
want to get sure that no variable different from the treatment variable exhibits a discontinuity
at the wealth cut-off. If we detected such a covariate the causal interpretation with respect to
the premium discount would not easily hold anymore. If individuals are truly as good as
randomised there should be no significant effects of the eligibility to discount variable.
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Results presented in tables 12 show coefficient estimates from running the basic local linear
regression for both, the full sample and the 2009 sample. As these outcomes are not strictly
predetermined they can be affected by the introduction of the subsidy. This seems to be the
case for the number of animals an individual possesses. For both, the full as well as the 2009
sample we find that being eligible for discount on average increases the number of animals an
individual possesses by about 4 and 8 animals, respectively. Coefficients of the remaining
variables behave rather inconsistent across both sample specifications and are not statistically
significant. By considering the same estimation procedure for baseline covariates that have
been determined in 2005 in table 13, we observe that being eligible to discount does not
produce any statistically significant causal estimates. Especially reassuring is the fact that
livestock at pre-intervention level does not seem to be affected by discontinuity in eligibility.
Taken together, these statistics indicate that the discontinuity in the eligibility rule introduces
sufficient exogenous variation in the treatment variable to produce consistent estimation
results across different sample specifications.

6 Discussion
Our results suggest that being eligible to receive a 50 per cent premium discount increases the
probability of enrolment by about 10 percentage points. This implies a price elasticity of
demand for health insurance of about -1.4. This finding differs markedly from studies on the
demand for health insurance in high-income countries that tend to report inelastic demand for
health insurance. Our results remain relatively large in magnitude when compared to the
results found by Thornton et al. (2010) in the context of offering formal health insurance to
informal Nicaraguan workers. Being eligible to receive free health insurance for six months
only increased insurance enrolment by about 30 percent. Thus, according to our results, the
price elasticity of demand for health insurance appears to differ markedly across different
contexts. In rural Vietnam Wagstaff et al. (2014) find an insurance demand behavior similar
to ours even though the comparison suffers from differing intervention designs. Being
randomly assigned to receive an information leaflet on the governmental health insurance and
a 25 per cent reduction on its premium roughly doubled insurance take-up. While this
considerable effect translates into a higher price elasticity of demand than in our study it has
been only found for the subsample of morbid households. Regarding policy one implication
of our finding is that premium subsidies could greatly increase enrolment rates of Micro-
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health insurance schemes in low-income countries. This is important since they often struggle
to expand their membership base.
Turning to the indirect costs of illness in the form of lost time, our results suggest a large and
significant reduction in the probability that an individual lost at least one day due to illness.
More importantly, this finding is of great economic significance since we find that subsidy
eligibility reduces the probability of at least one lost day due to illness by about 50 per cent.
In contrast, Aggarwal (2010) studied the effect of Micro-health insurance on time lost due to
illness in India and did not find significant effects.
Our OOP expenditures results suggest that subsidy eligibility reduces the incidence of OOP
expenditures in 2009 from 3.4 to 0.9 per cent over a period of one month, albeit this estimate
is imprecise. Nevertheless, even if a similar negative relationship between insurance
enrolment and OOP expenditures is found in most of the related studies (see, for instance,
Saksena et al. 2010), our point estimates are not statistically significant when a linear
underlying functional form is assumed. We notice in this context, that our design does not
allow for identifying economically significant effects. In particular, since the average
incidence of OOP expenditures in 2009 is 0.034 (table 2) but the estimated standard error is
about 0.019 (table 6) only an effect of about 5.5 percentage points would be statistically
significant at the 5 per cent significance level. Yet, such an effect would be larger than the
sample average.
Regarding the additional empirical evidence on health-seeking behavior we do not find that
welfare gains in terms of a reduced probability of losing a day due to illness are due to more
frequent visits of medical facilities or a higher incidence of alternative treatments applied.
This finding is in line with Thornton et al. (2011) who do not find any evidence of an increase
in health-care utilization among those informal workers who enrolled as a response to the
encouraging treatment. Nevertheless, other potential channels for the reduction in indirect
economic cost of illness are imaginable in our context. It is possible that even if individuals
do not visit the health care facilities more frequently they are treated more effectively every
time they go there (for instance, by being handed out drugs which they were reluctant to pay
for earlier). In this sense, by improving the effectiveness of medical treatment eligibility to
discount might have lowered the probability of losing one day due to illness. A further
possible explanation for simultaneously observing lower indirect costs and no higher
treatment utilization refers to possible effects of improved preventive care. If one assumes
that the outcomes in 2009 are the main driver of the results we found, the following thinking
might apply. Since treatment information was collected after the rainy season and only covers
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the last month we do not have any information about health-care seeking behavior during the
rainy season. During this time, falling ill from Malaria is especially likely and constitutes the
most cited reason for serious illness (Fink et al., 2012). Medical facilities are experienced in
providing convenient Malaria treatments (basically drugs) which substantially lower the
duration and often also the severity of illness. Newly enrolled individuals might extensively
have drawn on this service during the rainy season and obtained relatively effective treatment.
In contrary, non-eligible individuals were more likely to suffer longer from adverse health
effects and might have to apply several (less effective) treatments lasting into the post-rainy
season. Both channels, the increased likelihood of remaining ill for a longer period, as well as
a higher expected incidence of applying health treatments would speak in favor of the
empirical results we observe.

7 Conclusion
By triggering high economic costs, health shocks severely threaten poor households’
objective of consumption smoothing and can increase their vulnerability to poverty. Despite
this great risk in many low-income countries often neither the state nor the market offers
formal health insurance for poor households. Since such an insurance gap also exists in
Burkina Faso a Micro-health insurance has been established in the Nouna health district in the
North West of the country in 2004. The objective of this paper was to evaluate whether the
insurance can truly cushion the economic costs of health shocks. In order to account for
selection bias a RDD was applied by exploiting a discontinuity in the offer of a 50 per cent
discount on the insurance premium for poor households. The forcing variable was a
community wealth ranking determining eligibility to discount. Estimates suggest that the
discontinuity in eligibility to receive the premium discount increases the probability of
enrolment by about ten percentage points. This implies that the price elasticity is large and
equal to -1.4. A placebo test confirms the robustness of this result. Regarding welfare, our
results suggest that the probability of losing at least one day due to illness drops from about 4
to 2 per cent over the period of one month. Our results further find suggestive, albeit
statistically insignificant, evidence that eligibility to subsidy on average leads to a reduction in
the OOP expenditure incidence for medical treatments. These findings are robust against
several alternative specifications with respect to the sample and the functional form.
Economically, the results are of great significance as well, since they imply that the pricing of
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health insurance products has large effects on both insurance take-up and household welfare
in low-income settings.
Turning to the limitations of this study, our empirical design allows for the identification of
local effects only that is effects which are valid for households on the threshold between the
poorest and second-poorest quintile. Consequently, the results have to be interpreted with
respect to those households. This subpopulation can be considered very deprived by
international standards. While this is certainly a limitation of our analysis, it is also a strength
as we are able to speak for a particularly poor subgroup rather than the entire rural population.
The relatively large effects found for the incidence of having lost at least one day due to
illness require some more attention. In this connection complementary analyses will focus on
possible adverse selection into the insurance scheme, similar to Wagstaff et al. (2014). This
can be done by looking at the subgroup of eligible households and checking whether
enrolment correlates with previous morbidity.
It is of interest to exploit the RDD further to learn more about intent-to-treat effects of the
premium subsidy on child outcomes. One could focus on households with children born
shortly after the subsidy implementation and compare those households close to the wealth
threshold with respect to child mortality incidence. Given the relatively high child mortality
rates in this region, such an analysis is especially relevant. Second, one could follow the
children born shortly after subsidy implementation over time and check whether they show
significantly different schooling outcomes in later years. Such a long-term analysis can shed
light on whether micro health-insurance can contribute to increasing long-term investments in
human capital.
Furthermore, and similar to Cole et al. (2014), a long-term analysis could investigate the
dynamics of insurance demand patterns across time and thereby contribute to the literature on
microinsurance diffusion. Looking at patient’s consultation and medication records over time
one could estimate the relationship between the individual’s recent medical treatment
experience and the probability for extending health-insurance coverage into the next year.
Furthermore, in order to check for spillover effects among peer households one could
aggregate such figures of individual recent experience at village level and estimate its effect
on future enrolment incidence.
Finally, considering the premium subsidy as a tool to encourage insurance enrolment, a
performance-based assessment of this measure seems important from a policymaker’s
perspective. First, from a cost-benefit perspective the premium subsidy strategy can be
compared to the option of simply increasing overall insurance coverage. Such an assessment
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is especially suitable in our context, since the Micro-health insurance was randomly phased-in
between 2004 and 2006. Second, the performance of targeted premium subsidy programs
substantially depends on the underlying targeting mechanism. Further research, therefore,
should focus on the performance of Community Wealth Rankings in order to correctly
identify the target group. As first step, the question should be addressed to what extent and
under which circumstances CWRs provide different outcomes than conventional targeting
methods, such as proxy means tests (see Alatas et al, 2012). As the CWR’s main advantage
lies in its easy and cost-effective way of implementation, it has the potential of being
duplicated for alternative contexts where the implementation of targeted premium subsidies is
considered.
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Table 1: Overview of existing empirical evidence of CBHI schemes
Impact of membership on

Author(s),
Data & methodology

Benefit package includes…

Factors influencing enrolment in CBHI
Utilisation of healthcare

OOP expenditures

Days lost

Aggarwal
(2010), India

4109 HH (2007-2008); propensity
score matching1

Only inpatient surgeries
(maximum ceiling) & outpatient diagnostics (OPD)

/

Frequency of surgery (+***),
frequency of OPD (+*), frequency of
hospitalisation (+)

OOP/surgery expenses (-***),
borrowing/in-patient expenses
(other than surgery) (+*),
borrowing/OPD expenses (+)

Days lost
per
episode of
illness (+)

Chankova,
Sulzbach &
Diop (2008),
Ghana, Mali,
Senegal

>9000 individuals each in Ghana,
Mali & Senegal (2004) in regions
with long tradition of CBHI;
comparing insured and uninsured
while only controlling for
observables2

Ghana: only inpatient; Mali:
only outpatient (25-50% copayments); Senegal:
outpatient (25-50% copayments) & inpatient (max.
hospital days)

Senegal: chronic illness (+***) Mali: handicap
(+***); all countries: HH head at least
secondary education (+***), richest 20%
(+***) (comp. to poorest 20%)

Seeking care: Ghana & Mali (+**),
Senegal (+); hospitalisation: Senegal
(CBHwe with high inpatient
coverage)(+***); all countries: no
different effects for different income
strata;

OOP for outpatient: Senegal (), Mali (+) (but high copayments); OOP for inpatient:
Ghana & Senegal (CBHIs with
high inpatient coverage)(-***)

/

Franco et al.
(2008), Mali

2280 HH (2003-2004); comparing
insured and uninsured while only
controlling for observables2

Outpatient (25% copayments), drugs (20-25% copayments), normal delivery
(25% co-payments),
complicated delivery

HH wealth (+***); distance to facility (-***);
education of HH head (+***), female-headed
HH (+***), HH with chronically ill and/or
handicapped (+***)

Fever treatment in modern health
facility (+*), seeking care f. children
with diarrhoea (+*)

OOP for fever treatment
(***); share of health expenditure
in annual cash expenditure (-***)

/

Jütting (2004),
Senegal

2860 individuals (346 HH)
(2000); comparing insured and
uninsured while only controlling
for observables2

Only inpatient (flat copayment per consultation,
50% co-payment for surgery,
max. hospital days)

Income (+***), in particular: lower terzile (-*)
and upper terzile (+**) (comp. to average
income group)

Hospitalisation (+**)

OOP (-**)

/

Saksena et al.
(2010), Rwanda

6800 HH; comparing insured and
uninsured while only controlling
for observables2

Outpatient (flat co-payment
per outpatient visit) &
inpatient (10% co-payment of
costs)

/

Utilisation (+**), no different effects
for different income strata

OOP as share of capacity to pay
(=non-subsistence spending) (-*)

/

Schneider &
Diop (2001),
Rwanda

2500 HH in three rural districts of
Rwanda (2000); comparing
insured and uninsured while only
controlling for observables2

Outpatient (flat co-payment
per visit) and inpatient (with
gate-keeping mechanism)

HH head attended school (+***), < 30min to
facility (+***), radio (information
campaign)(+***); wealth (-) (premium
payment in instalments possible)

Visits of modern healthcare facility
(+***)

OOP per episode of illness (***); OOP per episode of care
within subgroup of sick people (***)

/

Schneider &
Hanson (2006),
Rwanda

3139 HH in three rural districts;
binary choice model estimating
individuals’ need-adjusted visit
probability by insurance status2

Outpatient (flat co-payment
per episode of illness) and
inpatient (only consultations
and C-sections)

/

Need-adjusted visit probability sign.
higher for insured than for noninsured; poor insured more visits than
poor non-insured

OOP increased avg. shortfall of
income below PL by 1,2% for
insured, by 2% for uninsured 
small, similar impact (but insured
more visits)

/

year & region

Notes: *, **, *** represent statistical significance at the 1 percent, 5 percent and 10 percent level; 1 validity of estimation depends on plausibility of assumption that matching on observables removes all selection bias; 2 estimation is likely
to suffer from selection bias; HH = households; OOP = OOP expenditures; PL=poverty line.
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Table 2: Descriptive statistics for the pooled sample and the single cross-sections

2007 - 2009

Survey rounds

0.039
0.229

Std.
Dev.
0.193
0.420

0.277
0.154
0.259
0.141
0.221
0.077

0.054
0.013
0.045
0.012
0.031
0.010

0.028
0.014
0.039
0.217

0.165
0.118
0.194
1.836

0.373

15,119

Expd. last month (thousand)

0.373

Assets
Animals
Age (in years)
Literate incidence
Household size
Nouna town

CBHI enrolment
Eligibility for discount
Incidence figures for illness and treatment
Any illness°
Life threatening illness°
Illnesses treated °
Medical treatment°
Self-treatment°
Traditional healer°
Direct and indirect cost of illness°
OOP expd. incidence, any treatment
OOP expd. incidence, medical treatment
At least one day lost due to illness
Number of days lost due to illness
Socio-economic characteristics
Expd. prev. 5 months (thousand)Δ
Δ

N

0-value
incidence
0.938
0.770

2007

0.062
0.230

Std.
Dev.
0.240
0.421

0.916
0.976
0.928
0.980
0.949
0.994

0.084
0.024
0.072
0.020
0.051
0.006

0.972
0.986
0.961
0.961

2008

0.071
0.233

Std.
Dev.
0.258
0.422

0.226
0.113
0.208
0.108
0.172
0.099

0.081
0.021
0.069
0.019
0.050
0.004

0.010
0.006
0.024
0.164

0.101
0.076
0.152
1.983

50,039

13,411

4,950

17,701

0.748
0.805

0.427
1.32

0.000
0.771
0.000
0.734

23.4
0.229
16.4
0.266

Mean

2009

0.084
0.229

Std.
Dev.
0.278
0.420

0.273
0.144
0.254
0.136
0.218
0.061

0.142
0.051
0.128
0.044
0.087
0.004

0.350
0.219
0.334
0.206
0.282
0.065

0.018
0.015
0.033
0.193

0.132
0.121
0.178
1.680

0.077
0.034
0.077
0.401

0.267
0.182
0.267
2.222

38,076

19,681

65,435

12,341

42,491

4,056

14,084

5,833

21,985

4,990

16,173

0.886
6.06

0.321
1.02

0.736
4.94

0.481
1.45

0.974
6.75

0.525
1.59

0.965
6.65

18.7
0.420
11.6
0.442

23.3
0.182
19.6
0.251

18.5
0.386
13.3
0.434

23.4
0.257
14.7
0.279

18.6
0.437
10.6
0.449

23.7
0.270
13.6
0.273

19.1
0.444
8.3
0.445

21,839

Mean

8,989

Mean

6,748

Mean

6,184

Note: °Recall period is one month; ΔTotal amount of individual expenditures in franc CFA; Please see the list of variables in table 3 for a complete description
of the variables.
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Table 3: List of variables
Variable name

Description

Reference group for binary variables

CBHI enrolment

Individual is enrolled in the CBHI

Individual is not enrolled in the CBHI

Eligibility for discount

Individual is eligible to receive a 50% discount on the insurance premium

Individual is not eligible to receive a discount

Any illness

Individual has suffered from at least one illness during last month

Individual has not suffered from any illness during last month

Life threatening illness

Individual suffered from at least one illness she perceived to be life-threatening during the last
month

Individual has not suffered from any illness she perceived to be lifethreatening during the last month

Illnesses treated

Individual treated at least one illness during last month

Individual has not treated any illness during last month

Medical treatment

Individual visited primary healthcare facility (CSPS) or district hospital (CMA) for at least one
episode of illness during last month

Individual has not visited CSPS or CMA during last month

Self-treatment

Individual applied self-treatment for at least one episode of illness during last month

Individual has not self-treated any illness during last month

Traditional healer

Individual visited a traditional healer to seek care for at least one episode of illness during last
month

Individual has not visited traditional healer to seek care during last month

OOP expd. incidence, medical
treatment

Individual has had some OOP expenditures due to seeking care at a CSPS/CMA during last
month

Individual has not had any OOP expenditures during last month

At least one day lost due to illness

Individual could not work of go to school for at least one day due to illness during last month

Individual did not lost any day due to illness during last month

Number of days lost due to illness

Amount of days an individual could not go to work or school due to illness

Incidence figures for illness and treatment

Direct and indirect cost of illness°

Socio-economic characteristics
Expd. prev. 5 months (thousand)

Sum of individual’s total expenditures of the last month (e.g. shelter, food, education, clothes,
transport) in CFA franc

Expd. last month (thousand)

Sum of individual’s total expenditures of the previous five months (e.g. shelter, food, education,
clothes, transport) in CFA franc

Assets

Amount of asset categories (bicycle, motorbike, car, radio, TV, phone, fridge, solar panel) in
which an individual possesses at least one item

Animals

Absolute sum of sheep, goats, bullocks, donkeys, and horses

Age (in years)

Age in years

Literate incidence

Individual is literate or has at least one year of schooling

Household size

Amount of household members (Note: In the region a household is defined as the sum of people
sharing resources. Therefore, household size can be very large)

Individual did not have at least one year of schooling

Nouna town (d)

Individual lives in Nouna town

Individual lives in a village
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Table 4: Validity check for the RDD design - Descriptive statistics by eligibility status

Full sample
Sample Mean
CBHI enrolment
Incidence figures for illness and treatment°
Life threatening illness
Illnesses treated
Medical treatment
Self-treatment
Traditional healer
Direct and indirect cost of illness°
OOP expd. incidence, any treatment
OOP expd. incidence, medical
treatm.
At least one day lost due to illness
Number of days lost due to illness
Socio-economic characteristics
Expd. prev. 5 months (thousand)Δ
Expd. last month (thousand)Δ
Assets
Animals
Age (in years)
Literate incidence
Household size
Non-rural
N

Eligible
0.051

Not eligible
0.065

0.026
0.077
0.019
0.054
0.008

Two deciles around cutoff
p-value

Sample Mean

0.000

Eligible
0.069

Not eligible
0.044

0.023
0.071
0.021
0.050
0.005

0.213
0.148
0.553
0.231
0.012

0.024
0.075
0.019
0.052
0.008

0.028
0.013

0.028
0.015

0.958
0.367

0.041
0.243

0.039
0.206

12,324
4,023
0.384
0.70
25.4
0.196
12.0
0.3
4,898

p-value

One decile around cutoff
Sample Mean

p-value

0.000

Eligible
0.081

Not eligible
0.031

0.000

0.020
0.078
0.016
0.061
0.005

0.144
0.973
0.261
0.159
0.049

0.025
0.074
0.021
0.051
0.004

0.024
0.086
0.018
0.067
0.007

0.641
0.381
0.368
0.085
0.464

0.029
0.012

0.028
0.012

0.477
0.576

0.029
0.013

0.032
0.014

0.999
0.947

0.599
0.377

0.041
0.237

0.039
0.215

0.572
0.693

0.039
0.181

0.047
0.230

0.367
0.513

15,973
5,235
0.441
1.50

0.000
0.002
0.000
0.000

14,252
4,671
0.419
0.76

14,394
4,591
0.427
0.98

0.006
0.208
0.241
0.000

11,679
3,830
0.382
0.74

13,955
4,393
0.413
0.71

0.792
0.183
0.749
0.119

22.8
0.238
17.8
0.3

0.000
0.000
0.000
0.000

24.5
0.216
13.0
0.4

23.3
0.228
13.8
0.4

0.133
0.850
0.689
0.000

23.1
0.205
12.1
0.3

22.9
0.210
11.8
0.4

0.002
0.164
0.272
0.951

16,811

-

3,308

3,419

-

1,558

1,533

Note: °Recall period is one month; ΔTotal amount of individual expenditures in franc CFA; Please see the list of variables in table 3 for a complete description of the
variables; Sample includes survey-rounds 2007-2009.
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Table 5: Local linear regression estimates of the causal effect of eligibility to discount and CBHI enrolment incidence

Survey round2
2007/09
2009
Eligible to discount (d)1
CWR score
CWR • eligibility

_cons
F
R²
N

0.090***
(0.021)
0.307
(0.245)
1.109
(0.728)

0.143***
(0.034)
0.719**
(0.352)
1.924
(1.233)

0.022***
(0.008)

0.035***
(0.011)

9.64
0.0159
3,102

7.80
0.0238
867

* p<0.10, ** p<0.05, ***
p<0.01
Notes: Standard Errors in Parentheses, 1reference group:
individual not eligible to receive a 50% discount on the
insurance premium; 2sample is trimmed towards one decile
around the wealth threshold
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Table 6: Regression estimates of ITT effects of eligibility to discount on four outcome variables

Any day lost to illness
(incidence)

OOP expd. incidence,
medical treatment

Survey round2

2007/09

2009

2007/09

2009

2007/09

2009

2007/09

2009

Eligible to discount (d)1

-0.021**

-0.065**

0

-0.025

-0.023*

-0.060*

0.004

-0.014

(0.01)
0.345***
(0.123)
0.24
(0.169)

(0.028)

(0.006)

(0.019)

(0.013)

(0.033)

(0.008)

(0.021)

-0.874**

-0.067

-0.417*

-0.279*

-0.948**

-0.077

-0.422

(0.353)
0.61
(0.452)

(0.078)
0.103
(0.107)

(0.246)
0.372
(0.306)

(0.164)
0.154
(0.225)

(0.405)
0.775
(0.544)

(0.089)
0.17
(0.126)

(0.259)
0.560*
(0.328)

0.058***
(0.008)

0.132***
(0.023)

0.017***
(0.005)

0.054***
(0.016)

0.092***
(0.01)

0.188***
(0.026)

0.023***
(0.005)

0.060***
(0.016)

3.14
0.0013
6,753

2.33
0.0043
1,922

0.45
0.0002
6,753

0.99
0.0022
1,922

1.21
0.0005
6,753

1.92
0.003
1,922

0.98
0.0005
6,753

1.10
0.0021
1,922

CWR score
CWR • eligibility

_cons

F
R²
N

Incidence, any
treatment

Incidence, medical
treatment

* p<0.10, ** p<0.05, ***
p<0.01
Notes: Standard Errors in Parentheses, 1reference group: individual not eligible to receive a 50% discount on the insurance premium; 2sample is
trimmed towards two deciles around the wealth threshold; Recall period for all four outcome variables is one month.
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Table 7: Local linear regression estimates of the four outcome variables for different extents of trimming the wealth score

Any day lost to illness
(incidence)
Trimming the CWR window:
Eligible to discount (d)1
CWR score
CWR • eligibility

_cons
F
R²
N

OOP expd. incidence,
medical treatment

Incidence, any
treatment

Incidence, medical
treatment

2 quintiles

1 decile

2 quintiles

1 decile

2 quintiles

1 decile

2 quintiles

1 decile

-0.002

-0.031**

0.002

-0.006

-0.014

-0.022

0.006

-0.005

(0.007)
0.01
(0.046)
-0.061
(0.073)

(0.014)
-0.668**
(0.332)
0.391
(0.489)

(0.005)
0.014
(0.029)
-0.023
(0.046)

(0.009)
-0.333*
(0.19)
0.493*
(0.29)

(0.01)
-0.06
(0.059)
-0.081
(0.096)

(0.019)
-0.029
(0.438)
-0.4
(0.655)

(0.006)
0.033
(0.034)
-0.026
(0.055)

(0.011)
-0.368*
(0.208)
0.372
(0.359)

0.041***
(0.005)

0.066***
(0.011)

0.013***
(0.003)

0.024***
(0.007)

0.079***
(0.007)

0.087***
(0.014)

0.017***
(0.004)

0.029***
(0.007)

0.29
0.0001
11,438

1.72
0.0017
3,102

0.18
0
11,438

1.23
0.0011
3,102

1.64
0.0005
11,394

0.77
0.0007
3,091

0.55
0.0002
11,438

1.58
0.001
3,102

* p<0.10, ** p<0.05, *** p<0.01
Notes: Standard Errors in Parentheses, 1reference group: individual not eligible to receive a 50% discount on the insurance premium; sample includes
all individual from the survey rounds 2007 to 2009 and is pooled across years.
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Table 8: Local linear regression estimates at household level for all outcome variables

CBHI enrolment
incidence
Survey round2
Eligible to discount
(d)1
CWR score
CWR • eligibility
_cons

F
R²
N

Any day lost to illness

OOP expd. incidence,
medical treatment

2007/09

2009

2007/09

2009

2007/09

2009

2007/09

2009

-0.01

-0.057

0.027

-0.063

-0.01

-0.057

0.036

-0.071

(0.07)
-0.46
(0.875)
0.369
(1.189)

(0.135)
-0.715
(1.713)
-0.476
(2.313)

(0.05)
0.062
(0.613)
0.043
(0.858)

(0.115)
-1.143
(1.428)
0.628
(1.946)

0.07
-0.46
0.875
0.369
1.189

0.135
-0.715
1.713
-0.476
2.313

(0.056)
0.12
(0.684)
0.083
(0.952)

(0.118)
-0.783
(1.514)
0.321
(2.01)

0.298***
0.051
0.19

0.467***
0.1

0.142***
(0.039)

0.287***
(0.089)

0.38
0.005
230

0.21
0.0009
700

0.14
0.0018
230

2007/09

2009

0.178***

0.264**

(0.056)
0.778
(0.487)
1.807
(1.945)

(0.111)
1.134
(0.869)
4.343
(3.612)

-0.002

0.008

(0.005)

(0.009)

0.298***
(0.051)

0.467***
(0.1)

0.106***
(0.035)

0.260***
(0.086)

7.85
0.0486
336

3.44
0.0721
110

0.19
0.0008
700

0.38
0.005
230

0.21
0.0009
700

0.33
0.0043
230

Incidence, any
treatment

0.0008
700

Incidence, medical
treatment

* p<0.10, ** p<0.05, *** p<0.01
Notes: Standard Errors in Parentheses, 1reference group: household not eligible to receive a 50% discount on the insurance premium; 2sample for "CBHI enrolment" is
trimmed towards one decile around the wealth threshold, the remaining samples are trimmed towards two deciles around the wealth threshold
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Table 9: Local polynomial regression estimates for all outcome variables

CBHI enrolment
incidence
Survey round2
Eligible to discount
(d)
CWR score
CWR2

CWR • eligibility

2007/09

2009

0.183***

0.307***

(0.024)
3.011***
(0.843)
57.083***
(15.801)
8.128***
(2.358)

(0.051)
10.260***
(2.096)
195.903***
(39.641)
5.316
(5.261)

CWR2 • eligibility
259.089*** 463.524***
(50.449)
(108.705)
_cons
F
R²
N

Any day lost to illness

OOP expd. incidence,
medical treatment

Incidence, any
treatment

Incidence, medical
treatment

2007/09

2009

2007/09

2009

2007/09

2009

2007/09

2009

-0.028*

-0.098**

-0.006

-0.053*

-0.012

-0.05

-0.002

-0.043

(0.015)
-0.561
(0.499)

(0.041)
-2.147
(1.415)

(0.01)
-0.367
(0.29)

(0.029)
-1.892*
(0.968)

(0.019)
0.307
(0.608)

(0.048)
-0.184
(1.588)

(0.011)
-0.285
(0.326)

(0.031)
-1.734*
(1.005)

2.189

12.736

3.046

14.759*

-5.942

-7.64

2.107

13.13

(4.555)
0.242
(0.668)

(12.935)
1.174
(1.818)

(2.665)
0.324
(0.426)

(8.56)
1.738
(1.219)

(5.799)
-0.347
(0.855)

(14.892)
-0.202
(2.161)

(3.032)
0.186
(0.489)

(9.188)
1.461
(1.318)

-4.346

-19.995

-3.847

-15.875

6.798

5.465

-4.047

-17.335

(6.351)

(17.437)

(4.004)

(11.438)

(8.298)

(21.007)

(4.627)

(12.512)

0.005

-0.031***

(0.008)

(0.012)

0.062***
(0.012)

0.155***
(0.035)

0.022***
(0.007)

0.080***
(0.025)

0.083***
(0.014)

0.174***
(0.038)

0.026***
(0.008)

0.083***
(0.026)

15.573
0.0281
3,102

15.961
0.0479
867

1.857
0.0014
6,753

1.554
0.0051
1,922

0.505
0.0004
6,753

0.922
0.0044
1,922

0.997
0.0007
6,753

1.28
0.0031
1,922

0.782
0.0006
6,753

0.974
0.0036
1,922

* p<0.10, ** p<0.05, *** p<0.01
Notes: Standard Errors in Parentheses, 1reference group: household not eligible to receive a 50% discount on the insurance premium; 2sample for "CBHI enrolment" is
trimmed towards one decile around the wealth threshold, the remaining samples are trimmed towards two deciles around the wealth threshold
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Table 10: Regression estimates from fixed individual effect specification for all outcome variables

Survey round2,3
Eligible to discount
(d)1
CWR score
CWR • eligibility
_cons

F
R²
N

CBHI enrolment
incidence

Any day lost to
illness

OOP expd. incidence,
medical treatment

Incidence, any
treatment

Incidence, medical
treatment

2007/09

2007/09

2007/09

2007/09

2007/09

0.013

0.009

0

0.012

0.143***
(0.028)
1.478***
(0.272)
-0.349
(1.073)
0.008*
(0.005)

(0.014)
0.353***
(0.101)
-0.500*
(0.27)
0.030***
(0.003)

(0.008)
0.114*
(0.068)
-0.098
(0.149)
0.010***
(0.002)

(0.006)
-0.067
(0.078)
0.103
(0.107)
0.017***
(0.005)

(0.01)
0.099
(0.079)
0.034
(0.187)
0.017***
(0.002)

36.77
0.0703
2,699

6.54
0.0037
5,875

2.34
0.0014
5,875

0.45
0.0002
6,753

1.04
0.0007
5,875

* p<0.10, ** p<0.05, *** p<0.01
Notes: Standard Errors in Parentheses, 1reference group: household not eligible to receive a 50% discount on the insurance premium; 2sample for "CBHI
enrolment" is trimmed towards one decile around the wealth threshold, the remaining samples are trimmed towards two deciles around the wealth threshold;
3
Fixed-effect estimation requires the use of a balanced sample where only those individuals are included who responded in the baseline year 2007 and at least in
one endline year.
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Table 11: Local linear regression estimates from a placebo tests for the years 2004 and 2006

CBHI enrolment incidence before subsidy implementation
Survey round2

2004

2006

Eligible to discount (d)1

-0.001*

0.014*

(0)
CWR score

CWR • eligibility

(0.008)

0.477***

-0.212**

(0.105)

(0.095)

-0.477***
(0.105)

_cons

0.001*
(0)

F

0.911***
(0.221)
0.009**
(0.004)

.

5.77

R²

0.011

0.011

N

3,091

3,091

* p<0.10, ** p<0.05, *** p<0.01
Notes: Standard Errors in Parentheses, 1reference group: household not eligible to receive a 50% discount on
the insurance premium; 2sample for "CBHI enrolment" is trimmed towards one decile around the wealth
threshold, the remaining samples are trimmed towards two deciles around the wealth threshold;
3

Fixed-effect estimation requires the use of a balanced sample where only those individuals are included who

responded in the baseline year 2007 and at least in one endline year.
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Table 12: Validity check of the RDD Design - Regressing socio-economic covariates on eligibility to discount

Animals
2007/09
2009

Assets
2007/09
2009

Total expd. last month
2007/09
2009

Literate
2007/09
2009

Eligibility status

0.396***
0.141

0.800**
0.314

-0.049
0.038

-0.061
0.078

-578.5
557.8

170.1
1073.4

0.022
0.020

-0.032
0.040

CWR score

9.87*** 15.20***
2.29
4.34
7.968*** 12.578**
2.85
6.02

0.115
0.476

0.216
0.982

4261.9
6995.8

22608.9
14580.1

0.241
0.504

-1.047
0.667

-1.688
1.36

-21900.0*
11566.1

-4.9200**
23725.4

0.739***
0.25
0.848**
0.344

CWR • eligibility

_cons
F
r2
N

0.460***
0.094
6.74
0.0039
6,727

0.324*
0.176
4.45
0.0047
1,917

-0.898
0.687

0.421*** 0.508*** 4366.4*** 3810.8*** 0.189*** 0.261***
0.028
0.057
381.7
692.2
0.015
0.03
1.43
0.0006
6,727

0.825
0.0012
1,917

1.41
0.0008
5,378

1.54
0.0026
1,733

* p<0.10, ** p<0.05, *** p<0.01
Note: Robust standard errors in parantheses; sample is trimmed towards two deciles around the wealth threshold.
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3.32
0.0014
6,727

0.86
0.0013
1,917

Table 13: Validity check of the RDD design - Regressing baseline covariates from 2005 on eligibility to discount

Eligibility status
CWR score
CWR • eligibility
_cons

Animals

Assets

Total expd. last
month

Education

Incidence of
treatment

Any day lost

0.424

-0.060

1383.4

-0.314

-0.004

0.000

0.312

0.072

2146.5

0.198

0.025

0.018

8.181*

0.258

35972.7

-0.293

-0.309

-0.256

4.31

0.93

27712.6

2.43

0.29

0.196

-3.958

-0.608

-7.87e+04*

-5.870*

0.234

0.067

5.76

1.26

45712.9

3.55

0.41

0.306

0.535***

0.448***

7632.9***

2.759***

0.106***

0.053***

0.18

0.052

1258.9

0.143

0.018

0.013

F

1.88

0.86

1.59

1.91

0.95

2.92

r2

0.0032

0.0015

0.0019

0.0027

0.0011

0.0035

N

2,175

2,175

2,175

2,175

2,175

2,175

* p<0.10, ** p<0.05, *** p<0.01
Note: Robust standard errors in parantheses; sample is trimmed towards two deciles around the wealth threshold.
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Figure 1: Comparison of poverty measures, Burkina Faso, 2009/2010
(Source: Ministere de la Santé Burkina Faso (2010a), World Bank (2013c), UNDP (2013a) Graph: own elaboration)

Figure 2: Government and OOP health expenditures p.c., Burkina Faso, 1995-2010
(Source: WHO 2012, p.18)
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Figure 3: OOP expenditures for health, Burkina Faso, 1995-2011
(Source: WHO 2013 | Graph: own elaboration)

Figure 4: Enrolment rates of the insurance scheme in the Nouna health district, 2004-2009
(Source: Souares, 2013, n.p. | Graph: own elaboration)
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Figure 5: Scatter plot with fitted local linear regression line for CBHI enrolment incidence

53

Figure 6: Scatter plot with fitted local linear regression line for four outcome variables
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Figure 7: Scatter plot with fitted local polynomial regression line for CBHI enrolment incidence
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Figure 8: Scatter plot with fitted local polynomial regression line for four outcome variables
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Figure 9: Kernel regression from a placebo test for the LATE on enrolment
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