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Abstract
When a treatment cannot be enforced, but only encouraged, noncompliance natu-
rally arises. In applied economics, the common empirical strategy for dealing with 
noncompliance is to rely on Instrumental Variables methods. When the effects are 
heterogeneous, these methods allow, under a set of assumptions, to identify the 
causal effect for Compliers, i.e., the subset of units whose treatment is affected by 
the encouragement. One of the identification assumptions is the Exclusion Restric-
tion (ER), which essentially rules out the possibility of a causal effect for Never Tak-
ers, i.e., those whose treatment is not affected by the encouragement. In this paper, 
we show the consequences of violations of this assumption in the impact evaluation 
of an intervention implemented in Uganda, where targeted households were encour-
aged to join a community health financing (CHF) scheme through activities of sen-
sitization. We conduct the analyses using Bayesian model-based principal stratifica-
tion, first assuming and then relaxing the ER for Never Takers. This allows showing 
the positive impact of the intervention on the health costs of both Compliers and 
Never Takers. While the causal effects for the former could be due to the encour-
agement but also to the actual participation in the scheme, those for the latter are 
unequivocally attributable to the encouragement. This indicates that sensitization 
alone is extremely effective in reducing vulnerability against health costs. This find-
ing is of paramount importance for policy-making, as it is much easier and more 
cost-effective to implement awareness-raising campaigns than CHF schemes.
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1  Introduction

In Low- and Middle-Income Countries (LMICs), direct payments often dominate 
health care financing and represent a serious obstacle to the achievement of Uni-
versal Health Coverage (UHC). Out-of-pocket expenditures tend to exacerbate the 
severity of poverty mainly among the poorest and rural populations who lack ade-
quate financial protection (Kruk et al. 2009; Leive and Xu 2008; Wagstaff et al. 
2011). Interventions of community health financing (CHF) involve the introduc-
tion of a prepayment financing mechanism aimed, on the one hand, at enhancing 
access to health services and, on the other, at protecting individuals from finan-
cial catastrophe due to health-related costs. Informal and rural sectors represent 
the main target of these interventions, where the community is actively involved 
in the design and management of the financing mechanism (Jütting 2004).

Several studies analyze the impact of CHF schemes on health expenditures, 
providing evidence that this model often presents the limitation of not including 
the most disadvantaged and vulnerable because they lack the financial capacity to 
pay the initial participation fee. Although the financial contribution provided by 
the scheme is thus not extended to these vulnerable individuals, the comprehen-
sion of principles of prepayment for health financing could make them rethink 
their health-seeking behaviors and savings practices even if they decide not to 
enroll. This means that there could be either beneficial or detrimental effects of 
CHF schemes even on those who opt out: investigating this possibility is para-
mount to advance the debate on effective policies for UHC in LMICs.

The analyses focus on a case study in rural Uganda, where an intervention of 
CHF was implemented. Households were offered to enroll in the CHF scheme 
upon being assigned to sensitization sessions. In this study, the participation in 
the CHF scheme is the treatment of interest, while the sensitization and offer to 
enroll are an encouragement to take the treatment. The fact that enrollment was 
on a voluntary basis gave rise to noncompliance, in the sense that there were 
households who, after being encouraged, accepted the offer to join the scheme, as 
well as households who declined despite the encouragement.

Nannini et al. (2021) has already conducted an impact evaluation of this inter-
vention using an Instrumental Variables (IV) method to address the issue of non-
compliance. On the one hand, this method allows, under a set of assumptions, 
to identify causal effects of the intervention for the subset of households whose 
enrollment is affected by the instrument (i.e., the sensitization and the offer to 
enroll in the scheme). These causal effects are attributed to the actual partici-
pation in the scheme for households that would join the scheme if encouraged 
to. On the other hand, it rules out the possibility of causal effects of the inter-
vention for households whose enrollment is unaffected by the instrument, i.e., 
those households that would opt out even if encouraged to join the scheme. These 
causal effects would be attributable to the initial sensitization and offer to enroll, 
and could not derive from participating in the scheme.

As we previously argued, investigating the presence of effects that are not 
channeled by the actual participation in the scheme but instead derive from the 
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sensitization sessions would provide important insights for policy making in the 
field of public health. It is here, therefore, that we make our contribution. To 
address the issue of noncompliance, instead of using IV methods, we use prin-
cipal stratification (PS) (Frangakis and Rubin 2002). This approach allows us to 
define and estimate heterogeneous causal effects for specific latent subpopula-
tions. The membership of the households in these subpopulations is determined 
by their joint potential enrollment in the CHF scheme under the alternative 
encouragement levels. More specifically, PS accounts for the presence of asso-
ciative and dissociative causal effects. The former are the effects for those whose 
enrollment is affected by the encouragement and thus may derive from (though 
not only from) the participation in the scheme. The latter are the effects for those 
whose enrollment is unaffected by the encouragement and thus cannot derive 
from participating in the scheme (Frangakis and Rubin 2002). Therefore, the pre-
sent paper aims to advance the analysis by identifying the distinctive character-
istics of these groups and by acknowledging the possibility of causal effects of 
attending sensitization sessions and receiving the offer to join the CHF scheme, 
whether or not that offer is accepted. Bayesian inferential methods are used for 
inference, specifying flexible parametric models conditional on covariates and 
weakly informative prior distributions for the parameters.

The paper is organized as follows. Section 2 introduces the case study and the 
data. Section  3 describes the methodology adopted in relation to the common 
empirical strategy. Section 4 deepens the technical aspects of the analyses. Section 5 
shows the results. Section 6 contains sensitivity analyses, and Sect. 7 concludes.

2 � The intevention of community health financing

The intervention of CHF was run in Oyam by the international non-governmental 
organization ‘Doctors with Africa CUAMM’. The financial protection scheme has 
been implemented in two subcounties (Ngai and Myene), randomly selected out of a 
total of twelve in the Oyam district. Hereafter, we refer to these two subcounties as 
the intervention area.

In the intervention area, 359 community groups are present. A community group 
is a savings group or a mutual-help association whose purpose is to help people 
facing financial hardship. These groups include nearly 75–80% of the population 
(Biggeri et  al. 2018). Since coverage of CHF can be strengthened by nesting the 
scheme into these existing informal groups within the community (Chemin 2018; 
Mladovsky et al. 2014; Sommerfeld et al. 2002), the intervention targeted 42 com-
munity groups,1 randomly selected out of 359, including a total of 2137 households.

Targeted households first attended activities of sensitization aimed at raising 
awareness on the impoverishing effects of illness and on the importance of timely 
preparedness for unexpected health expenses; then, they received the offer to join 

1  42 community groups were chosen in order to reach 10,304 individuals, accounting for nearly 20% of 
the population in the intervention area.
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the scheme and decided whether to enroll or not on a voluntary basis. Although the 
intervention is explained in detail elsewhere (Nannini et al. 2021), some important 
points are here reported. Those households who accepted to enroll into the scheme 
contributed a fixed amount (5000 UGX/year per member) to create and maintain 
a community fund. In case of health needs, each enrolled member could borrow 
money from that fund and, after receiving the necessary medical service (inpatient 
or outpatient care), had four months to repay with zero interest. The maximum 
amount that could be borrowed each time is 150,000 UGX, corresponding to the 
85th percentile of the distribution of households’ health expenditures observed in 
a previous study (Biggeri et al. 2018). At the end of the first year of intervention, 
households could decide whether to renew their membership for the following year.

2.1 � Study design

Data on the intervention were collected through a panel households survey con-
ducted in the intervention area and in a third subcounty of the district (Iceme). The 
latter was included because interviewing households resident in a subcounty where 
the intervention was not implement limits the possibility of interference effects. 
Hereafter, we refer to this third subcounty as the control area. This area was chosen 
because it is similar to the two subcounties in the intervention area in terms of socio-
economic profile and distance from the main road and health facilities. To determine 
the sample of households that were to be interviewed, a two-stage sampling design 
was applied.

In the first stage, 63 villages were selected, including 62 in the intervention area 
and one in the control area. The 62 villages in the intervention area were chosen 
because they are homogeneous in terms of population density and distance from 
health facilities, and the community groups targeted by the intervention resided 
there.2 Then, a village with the same demographic and geographical characteristics 
was selected in the control area.

In the second stage, among residents of these 63 villages, 282 households were 
randomly chosen to be survey participants, and were interviewed at the baseline 
(shortly before the roll-out of the intervention), in January 2019, and during the sec-
ond round of the longitudinal survey, in January 2020. These households are distrib-
uted in the encouragement groups as shown in Table 1.

The sample of 282 households includes: 243 households that are part of at 
least one community group and were therefore eligible for the intervention,3 and 
39 households who are not part of any community group and were therefore non-
eligible. Given that households that are part of at least one community group are 
likely to differ from households that are not part of any community group with 
respect to observable but also unobservable characteristics, we do not include in 
the analyses the latter subgroup. Thus, our final sample is composed of 243 house-
holds, who are distributed in the encouragement groups as shown in Table 2. All the 

2  The vast majority of residents in the 62 selected villages in the intervention area were targeted by the 
intervention.
3  As explained in Sect. 2, the intervention was assigned to community groups.
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causal contrasts that will be the subject of our investigation are referred to this finite 
sample.

2.2 � Data

The survey questionnaire includes questions on a wide range of household and indi-
vidual characteristics (e.g., demographic and socioeconomic factors, occurrence of 
negative shocks, and health-related events and perceptions). Retrospective questions 
consider a recall period of either one month or one year, depending on the issue. 
For example, questions about the household’s expenses are referred to the previous 
month to prevent significant recall bias, whereas questions on whether the house-
hold had taken out a loan are referred to the previous year.

In Table  3, we present some summary statistics for the 243 households in the 
final sample (at the baseline survey). In particular, for each covariate, the table 
shows (i) the sample average values by encouragement group, that we denote by X0 
for those unencouraged and by X1 for those encouraged; (ii) the sample variance by 

Table 1   Number of households in the sample by encouragement group and area

Sensitization and offer

No Yes Overall

Unenrolled Enrolled Unenrolled

Number of households in the sample from 
the intervention area

26 135 34 195

Number of households in the sample from 
the control area

87 0 0 87

Number of households in the sample 113 135 34 282

Table 2   Number of households in the sample that are part of at least one community group by encour-
agement group and area

Sensitization and offer

No Yes Overall

Unenrolled Enrolled Unenrolled

Number of households in the sample from 
the intervention area

24 135 34 193

Number of households in the sample from 
the control area

50 0 0 50

Number of households in the sample 74 135 34 243
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encouragement group, that we denote by s2
0
 and s2

1
 ; and (iii) the normalized differ-

ence in average covariate values, i.e., ΔX = (X1 − X0)∕

√
(s2

1
+ s2

0
)∕2 . From this 

Table, we can observe that, as it is often the case in small-scale field experiments, 
there are considerable imbalances in the covariate distributions.

Notably, while the share of health costs out of total monthly expenditures is 
roughly the same, on average, for the two encouragement groups, the total monthly 
expenditures for households in the control group are significantly higher. These 
households tend also to be less satisfied with the health status of their members, 
but nevertheless they are much less willing to pay 10,000 UGX/year per member to 

Table 3   Summary statistics for the 243 households in the final sample (at the baseline survey)

aShocks included: serious illness or accident of household member/s, death of household member/s, 
drought, irregular rains, floods, unusually high level of crop pests & disease, unusually high costs of agri-
cultural inputs, unusually low prices for agricultural output, theft of money/valuables/non-agricultural 
assets, theft of agricultural assets/output (crop or livestock), conflict/violence, fire
bLevels of literacy of the household head: 1 if unable to read and write, 2 if able to read only, 3 able to 
read and write
cLevels of satisfaction for the health status of household members: 1 if not at all satisfied, 2 if only a little 
satisfied, 3 if rather satisfied, 4 if completely satisfied

Sensitization and offer

No (74 households) Yes (169 households)

X
0

s2
0

X
1

s2
1

ΔX

Referred to the previous month

Share of monthly health expenditures 0.19 0.04 0.18 0.05 − 0.03

Savings (UGX) 80,513 123,300,527,212 126,455 327,440,332,840 0.10

Total monthly expenditures (UGX) 607,589 704,534,492,484 358,877 362,729,197,467 − 0.34

Total monthly expenditures pro capite (UGX) 108,222 20,691,332,680 69,757 14713488538 − 0.29

No food to eat in the household (1/0) 0.35 0.23 0.23 0.18 − 0.27

Referred to the previous year

Loan taken (1/0) 0.49 0.25 0.49 0.25 − 0.00

Serious illness occurred (1/0) 0.39 0.24 0.42 0.25 0.06

Number of shocksa 3.70 2.76 3.27 2.91 − 0.26

Referred to the present

Female household head (1/0) 0.19 0.16 0.11 0.10 − 0.21

Single, widow or divorced household head (1/0) 0.22 0.17 0.15 0.13 − 0.18

Age of the household head 44.49 206.03 41.85 208.73 − 0.18

Literacy level of the household head (1 − 3)b 2.64 0.56 2.75 0.42 0.16

Household size 5.54 4.33 5.65 5.17 0.05

Children aged 5 or less (1/0) 0.57 0.25 0.66 0.23 0.18

Subsistence farming as main source of income (1/0) 0.72 0.21 0.89 0.10 0.46

Would pay 10,000 UGX/year per member for health 
insurance

0.26 0.19 0.76 0.18 1.15

Satisfaction for health status of household members 
(1 − 4)c

2.01 0.64 2.22 0.72 0.25

Concerns regarding health (1/0) 0.49 0.25 0.47 0.25 − 0.03
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have a health insurance (5000 UGX is the amount required to enroll into the CHF 
scheme). They also experienced a considerably higher number of shocks in the pre-
vious year. Moreover, they do not have food to eat in the household more frequently, 
probably due to a lack of economic resources. Putting all the pieces together, house-
holds that are not encouraged to join the CHF scheme seem to be slightly more 
disadvantaged.

2.2.1 � Outcome

As extensively outlined in Sect.  1, the main purpose of introducing interest-free 
loans in the context of rural Uganda was to increase the utilization of health ser-
vices by the households but without the financial hardship that this would have nor-
mally caused them. In addition, this utilization of health services is expected to be 
more timely given that the economic barrier that delays or prevents the seeking of 
treatment has been lowered through the implementation of the CHF scheme. This 
is especially important because the timely seeking of medical consultation or treat-
ment prevents diseases from worsening and thus improves prognosis and reduces the 
occurrence of catastrophic health expenditures. However, we would like to point out 
that, although it is desirable that, in general, healthcare costs fall, it is not necessar-
ily a success if a household spends nothing on medical products/services. Indeed, in 
that case it may be that the household did not actually need them, but it may also be 
that they could not afford them at all. For these reasons, we decided to analyze the 
share of health costs over the total monthly expenditures, and to define three causal 
estimands as contrasts of different features of the distribution of this outcome under 
the two encouragement levels. The first estimand aims to measure the causal effect 
on the share of health costs over the total monthly expenditures; the second one 
on the incidence of catastrophic health expenditures; the third one on zero health 
expenditures. The money borrowed from the common fund does not figure as part of 
these monthly medical expenses, but the money being paid back with zero-interest 
to the common fund does. Also, health expenditures are considered catastrophic in 
case they amount to at least 10% of households’ monthly expenditures (Wagstaff 
et al. 2018).

The histograms of the empirical distribution of the share of health costs over the 
total monthly expenditures by encouragement group are shown in Fig. 1.

From this plot, it is evident that the distribution of the outcome for households 
that received sensitization, regardless of whether they enrolled in CHF scheme or 
not, is more shrunk towards zero, which means that the share of health expenditures 
tend to be lower for those who attended the sensitization sessions. In fact, for the lat-
ter the mean and the median are, respectively, 0.12 and 0.09, while the same statis-
tics for those who did not attend the sensitization sessions amount to 0.17 and 0.12. 
Regarding the incidence of catastrophic health expenditures, its observed average 
in the group that received sensitization is 0.12 (with a standard deviation of 0.11); 
instead, the same quantity in the group that did not receive sensitization amounts 
to 0.23 (with a standard deviation of 0.15), and is thereby almost double. Finally, 
regarding the zero health expenditures, 45 households reported zero monthly 
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healthcare costs at the baseline, while this number reduces to 16 after the interven-
tion, 12 among the encouraged and 4 among the unencouraged.

On the one hand, these descriptive statistics suggest that the intervention might 
have the positive effect of reducing the amount of healthcare costs, and also, more 
specifically, the incidence of catastrophic health costs. On the other hand, it might 
also increase the number of households that have some healthcare expenditures in a 
month; as we argued before, this effect would not necessarily be detrimental.

3 � Methodology

The voluntary nature of enrollment in the CHF scheme results in treated units dif-
fering from untreated units not only in the treatment itself, but also in the observed 
and unobserved characteristics that led them to choose to take or not take the treat-
ment. Therefore, treatment is potentially endogenous, and an appropriate methodol-
ogy is necessary to give a causal interpretation to any comparison between treated 
and untreated units.

3.1 � Notation

Our sample consists of N = 243 households, indexed by i = 1,… ,N . For each 
household i, let us denote the observed encouragement assignment, i.e., the assign-
ment to the sensitization and offer to enroll, by Zi ∈ {0, 1} . Zi = 1 indicates that the 
household was assigned to the encouragement, Zi = 0 that it was not. Let us also 
denote the treatment by Mi ∈ {0, 1} , where Mi = 1 indicates that the household 
enrolled in the CHF scheme, and Mi = 0 that it did not. As for the outcome, we indi-
cate with Yi ∈ [0, 1) the share of health costs out of the total monthly expenditures. 
Finally, for each household i, we observe a vector of K pre-treatment covariates, Xi.

We denote with Z , M and Y the N-dimensional vectors of, respectively, the 
observed encouragement, treatment and outcome for the whole sample, with i-th 
elements equal to Zi , Mi and Yi . Also, we denote with X the N × K matrix with i-th 
row equal to Xi.

Fig. 1   Histogram of the empirical distribution of the outcome by encouragement group. The dashed line 
represents the cut-off beyond which health expenditures are considered catastrophic
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Let us now introduce the potential outcomes for the relevant post-encouragement 
variables. Let z be a N-dimensional vector of encouragement assignments, with i-th 
element equal to zi ∶ z ∈ {0, 1}N . Then, Mi(z) is the potential enrollment in the CHF 
scheme given the encouragement vector z , and Yi(z) is the share of health expendi-
tures out of the total monthly expenditures given the same encouragement vector.

We assume that the Stable Unit Value Assumption (SUTVA, Rubin 1980) holds 
for the potential outcomes Mi(z) and Yi(z):

Assumption 1  SUTVA for Mi(z) and Yi(z).
No hidden variations of encouragement: For all z, z′ : z = z�, Mi(z) = Mi(z

�) and 
Yi(z) = Yi(z

�). No-interference: For all z, z′ : zi = z�
i
, Mi(z) = Mi(z

�) and Yi(z) = Yi(z
�).

This assumption implies that no different forms or versions of the encouragement 
exist and that the treatment and the outcome of a given household do not vary with 
the encouragement of the other households. Thus, the potential outcomes can be 
written as Mi(z) = Mi(zi) and Yi(z) = Yi(zi) ; to simplify the notation, in the sequel we 
use Mi(z) ≡ Mi(zi) and Yi(z) ≡ Yi(zi) . Also, under Assumption 1, the following rela-
tions hold: Mi = Mi(Zi) and Yi = Yi(Zi).

3.2 � The principal stratification approach

PS was proposed by Frangakis and Rubin (2002) as a general framework for assess-
ing the causal effects of a treatment that takes into account complications that may 
arise after an encouragement or a treatment has been assigned. Indeed, it allows 
to identify latent subgroups of subjects, called “principal strata”, defined by the 
joint potential values of a post-assignment variable under alternative levels of the 
assignment.

In our study, we classify households into principal strata based on their participa-
tion in the CHF scheme under the alternative levels of the encouragement assign-
ment. Note that, since the possibility of enrolling was given only to households 
who were encouraged to do so, non-compliance is one-sided: for each household 
i = 1,… ,N , Mi(0) = 0 , while Mi(1) ∈ {0, 1} . Formally, let Gi = (Mi(0),Mi(1)) , 
then the principal strata are given by the possible values of Gi:

We relabel the possible values of Gi as 0m1 , so Gi ∈ {00, 01} . We name these two 
principal strata as shown in Table 4.

On the one hand, the stratum of Compliers is made of those who, if encouraged, 
would decide to enroll. On the other hand, the stratum of Never Takers is made of 
those who would not enroll in the program even if encouraged. Unfortunately, it is 
only possible to observe the potential outcomes associated with the actual encour-
agement assignment, while the potential outcomes associated with the alternative 

(0,m1) ≡ {i ∶ Mi(0) = 0,Mi(1) = m1} with m1 ∈ {0, 1}.
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one are missing. This is what makes the principal strata latent, in the sense that the 
principal strata membership is generally unknown.

3.2.1 � Definition of principal causal effects

The overall effect of the intervention within a principal stratum is named Principal 
Causal Effect (PCE) and, for a finite sample, it is given by the average difference in 
the potential outcomes of the units belonging to that stratum. In this study, we are 
interested in three different causal effects, namely, that on the share of health costs 
over the total monthly expenditures, that on the incidence of catastrophic health 
expenditures, and that on the incidence of zero health expenditures. Therefore, we 
have three different PCEs for each principal stratum g ( g ∈ {00, 01}). We name the 
first Health Expenditures Effect (HEE), the second Catastrophic Health Expendi-
tures Effect (CHEE) and the third Zero Health Expenditures Effect (ZHEE). We 
define these PCEs as follows:

where 1(⋅) is the indicator function, taking the value 1 if its argument is true and 
0 otherwise, and Ng is the total number of households in the sample belonging to 
principal stratum g. HEEg is the average difference between the health costs over 
the total monthly expenditures under the two encouragement levels for households 
belonging to the stratum g. CHEEg is given by an analogous comparison between 
the proportions of catastrophic health expenditures, and ZHEEg between the propor-
tions of zero health expenditures.

(1)HEEg =

∑
i∶Gi=g

Yi(1) − Yi(0)

Ng

(2)CHEEg =

∑
i∶Gi=g

�
1(Yi(1) ≥ 0.10) − 1(Yi(0) ≥ 0.10)

�

Ng

(3)ZHEEg =

∑
i∶Gi=g

�
1(Yi(1) = 0) − 1(Yi(0) = 0)

�

Ng

Table 4   Principal strata and 
their labels

Mi(0) Mi(1) Principal stratum Stratum label

0 0 G = 00 Never Takers
0 1 G = 01 Compliers
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3.2.2 � Identification issues

In this study, we know that those who attended the sensitization sessions and then 
joined the program are necessarily Compliers, because a Never Taker would never 
join the program by definition. Conversely, those who attended the sensitization 
sessions and then refused to join the program are necessarily Never Takers. What 
is unknown is the principal stratum membership of those households that did not 
attend the sensitization sessions; in fact, we cannot know whether they would have 
joined the program if they had received sensitization and been offered to enroll. In 
Table 5 we summarize the possible principal strata for each observed group.

The latent nature of the principal strata makes it necessary to introduce some 
assumptions to identify and estimate PCEs. One of these assumptions is the mono-
tonicity of compliance (Imbens and Angrist 1994), which rules out the presence of 
units that end up refusing to enroll in the CHF scheme if encouraged, but would 
have enrolled if not encouraged. Formally,

Assumption 2  Monotonicity of compliance: Mi(1) ≥ Mi(0) ∀i.

Since noncompliance is one-sided in this study, this assumption holds by design. 
Therefore, to identify the PCE for Compliers, also called Compliers Average Causal 
Effect (CACE), the following assumptions are sufficient: the unconfoundedness of 
the encouragement and the exclusion restriction for Never Takers (e.g., Mealli and 
Mattei 2012).

The unconfoundedness of the encouragement assumption is as follows:

Assumption 3  Unconfoundedness of the encouragement: 
.

It amounts to assuming that, within cells defined by the values of observed pre-
treatment covariates, the encouragement is independent of the potential outcomes. 
This assumption implies that  , and thus allows for 
a comparison between households who are in different encouragement groups, but 
belong to the same principal stratum and have same values of the observed pre-treat-
ment covariates. Assumption 3 would hold by design in a (block) randomized exper-
iment. In this study, it is plausible because the control area has been chosen because 
it was similar to the intervention area in terms of characteristics that may reasonably 
affect the outcome variables (more details were given in Sect. 2.1). As a result, we 

Table 5   Observed groups of households and underlying principal strata

Zi Mi No. % ∣ Zi = z Mean(Yi) Pr(Yi > 0.10) Underlying strata

0 0 74 100% 0.17 0.62 G = 00,G = 01

1 0 34 20.1% 0.11 0.44 G = 00

1 1 135 79.9% 0.12 0.48 G = 01
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can reasonably rely on the validity of Assumption 3, and the conditioning on a rich 
set of covariates makes it more plausible. This set, in fact, contains many pieces of 
information about household and household head characteristics, the health status of 
household members, as well as proxies for the financial status of the household (we 
will provide the full list of covariates included in Xi in the Sect. 4.2).

The exclusion restriction, on the other hand, rules out the presence of any direct 
effect of the encouragement on the outcome. Under this assumption, only the pres-
ence of an indirect effect, that is, an effect that passes through the treatment, is 
allowed. In this study, this amounts to assuming that attending the sensitization ses-
sions and receiving the offer to participate in the program do not have any direct 
influence on the outcome, but could only have an effect that passes through the 
actual participation. We make this assumption for Never Takers only. As we explain 
in detail later, we impose it by assuming prior equality of some models’ parameters.

Assumption 4  Exclusion Restriction (ER) for Never Takers: 
Pr(Yi(1)|Gi = 00,Xi) = Pr(Yi(0)|Gi = 00,Xi).

Given that, for Never Takers, an effect of actually participating in the scheme 
cannot exist, this restriction essentially rules out the presence of any causal effect 
of the intervention for this principal stratum. On the contrary, a causal effect of the 
intervention can exist for Compliers, and can be attributable to an effect of partici-
pating in the scheme as well as to a direct effect of the encouragement.

Often ERs are controversial, and their plausibility needs to be assessed at a case-
by-case level. In the application considered here, on one hand, receiving sensitiza-
tion does not provide the households with additional tools to improve health financ-
ing and outcomes of financial protection; on the other hand, however, participating 
in sensitization sessions may lead to change in health-seeking behavior after aware-
ness-raising. In view of this, the ER for Never Takers might not hold. For this rea-
son, we also obtain the results without assuming it, thus allowing for the possibility 
that an effect the encouragement may exist also for Never Takers.

3.3 � Common empirical strategy

Applied economists typically analyze data from studies characterized by noncom-
pliance using IV methods (for a review, see Angrist and Pischke 2008). These 
methods were developed in the 1920s to draw causal conclusions in contexts where 
the treatment cannot be deemed as randomly assigned, even conditional on covari-
ates. If the effects are heterogeneous, Imbens and Angrist (1994) provided a set of 
assumptions that allow identifying the causal effect for Compliers. The first is the 
fact that the so-called instrumental variable (here, the encouragement assignment) is 
either randomized or at least as good as if it was randomized. In our application, the 
encouragement is assumed to be unconfounded (Assumption 3), therefore this first 
requirement would be fulfilled. The second is the fact that the instrumental variable 
influences the treatment but does not affect the outcome directly. Like Assumption 
4, this is an exclusion restriction. However, it also applies to Compliers, not only 
to Never Takers. Therefore, in addition to stating that there are not effects of the 
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intervention for Never Takers, this amounts attributing the effect for Compliers to 
the participation to the CHF scheme only, and not to the sensitization received. It 
is worth noting, however, that this assumption only concerns the interpretation of 
PCE for Compliers, while its identification or estimation does not change compared 
to when the ER is stated for Never Takers only (e.g., Mealli and Rubin 2002; Mealli 
and Mattei 2012). The third assumption on which the IV methods rely is monoto-
nicity of compliance (Assumption 2). As argued in Sect.  3.2.2, in this study this 
assumption is automatically fulfilled. Finally, the last condition needed for using an 
IV method is that the instrument must be substantially correlated with the interme-
diate variable. This last condition can be verified from the data: here, it is satisfied 
because the correlation between the attendance to the sensitization sessions and the 
enrollment in the CHF scheme is 0.74.

When all the underlying assumptions are satisfied, the IV estimand is equivalent 
to the average causal effect for Compliers (Imbens and Angrist 1994; Angrist et al. 
1996). However, when the ER does not hold, the IV estimand is equal to the average 
causal effect for Compliers plus a bias term. The size of the latter depends on the 
proportion of Never Takers: the more Never Takers, the greater the bias is (Angrist 
et al. 1996). In any case, even in the presence of a few Never Takers, it is important 
to know whether there are causal effects of the sensitization for them. This would, in 
fact, have paramount practical implications for policy-making. First, delivering sen-
sitization sessions is much easier and less costly than implementing CHF schemes. 
Hence, hypothetical future awareness-raising campaigns would easily reach many 
more people. Moreover, even the poorest and most vulnerable, who would not have 
the financial capacity to pay the initial participation fee required to join a CHF 
scheme, could benefit from these campaigns. Therefore, it would be paramount to 
think carefully about how to design them to maximize their effectiveness.

4 � Analyses

4.1 � Weakly identified causal effects

Without assuming the ER for Never Takers, the causal effects of interest can only 
be partially identified. This means that the observed data do not allow to infer their 
true value, but rather a set of possible values consistent with the observed data and 
strictly included in the parameter space. This set is called the “identified set”, and is, 
essentially, a region of identification of the target estimand.

Bayesian statistics is an inferential approach where any available background 
knowledge about the parameters in a model is updated in the light of the observed 
data. The background knowledge is expressed through a prior distribution while the 
information in the data is given by the likelihood function; the two are combined 
through the Bayes’ theorem to obtain the posterior distribution (for a review, see 
van de Schoot et  al. 2021). In a Bayesian framework we have that, as the sample 
size goes to infinity, the marginal posterior distribution of the partially identified 
causal effects will converge to a non-degenerate distribution with support equal to 
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the identified set (Gustafson 2010). Despite this issue, in finite samples if the prior 
distribution is proper the posterior distribution will also be proper.

To help achieve identification and sharpen the inference, various methods were 
proposed in the literature. Assuming the ER for one or more principal strata is prob-
ably the most widely used. An alternative is to introduce more plausible restrictions 
on covariates or secondary outcomes (Mattei et al. 2013; Mealli and Pacini 2013; 
Mealli et al. 2016). Moreover, flexible parametric models for the potential outcomes 
conditional on principal stratum and covariates can be specified in order to reduce 
the width of the large sample bounds of the causal effects (e.g. Forastiere et  al. 
2021). The latter is the approach that we follow here, using a Bayesian approach 
to inference. This usually leads to weakly identified causal effects; “identified” in 
the sense of having a proper posterior distribution, but “weak” in the sense that this 
distribution will have regions of flatness around its maximum—in frequentist terms, 
there are not unique maximum likelihood estimates (Hirano et al. 2000).

4.2 � Models specification

A Bayesian model-based PS analysis requires the specification of two sets of mod-
els: one for the principal strata membership given the covariates and one for the 
potential outcomes conditional on the covariates and the principal strata.

We model the principal strata membership using a logit model:

where Wi is a vector of pre-treatment covariates, partially different from Xi , entering 
the principal stratum model. Specifically, Wi includes: the share of health expendi-
tures out of the total monthly expenditures and the total monthly expenditures prior 
to the intervention; whether the household head is female, her/his age and her/his 
literacy level; whether in the household there are members aged 5 or less; whether 
the main source of income is subsistence farming; whether a serious illness occurred 
in the household in the previous year and whether the respondent is scared about the 
cost of health expenditures; the number of shocks that the household experienced in 
the previous year; and, finally, its willingness to pay 10,000 UGX/year per house-
hold member for a health insurance. A different model could have been chosen, for 
instance, a probit model. However, since the model is specified as a flexible function 
of the covariates, we expect to obtain the same results.

As for the outcome, a common model choice for outcomes that are continuous but 
restricted to the interval (0,1), such as rates or proportions, is the beta distribution (e.g., 
Ferrari and Cribari-Neto 2004; Kieschnick and McCullough 2003). The latter has the 
advantage to be very flexible since its density can have quite different shapes depend-
ing on the values of the two parameters that index the distribution. However, it includes 
neither zero nor one in its support. In our study, some households reported that they 
had not incurred any health expenditures in the previous month; thus, Yi ∈ [0, 1) ∀i . 
Therefore, the beta distribution is not suitable to model our outcome. In similar cases, 
in which rates or proportions data include a non-negligible number of zeros and/or 

log

(
Pr(Gi = 01 ∣ Wi)

Pr(Gi = 00 ∣ Wi)

)
= � +W

�

i
�W ,
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ones, a more appropriate choice is the zero and/or one inflated beta distribution (Ospina 
and Ferrari 2010, 2012). Indeed, the latter is a mixed continuous-discrete distribution 
defined on the unit interval with probability mass at zero and/or one. For this reason, 
for the potential outcomes we assume a zero inflated beta distribution composed of two 
parts: a binary part, responsible for the zeros, and a continuous part, that is responsible 
for the outcome values that are greater than zero.

Here, �(z,g)

i
 is the probability of household i of having zero health expenditures 

under the encouragement level z and given its membership in the principal stratum 
g. Beta(y;�(z,g)

i
,�

(z,g)

i
) is instead the density of a beta distribution with parameters 

�
(z,g)

i
∈ (0, 1) and 𝜙(z,g)

i
> 0 , that has the form

for z ∈ {0, 1} and g ∈ {00, 01} . �(z,g)

i
 is the mean of the latter distribution, and 

�
(z,g)

i
 is responsible for its precision: for fixed �(z,g)

i
 , the larger the value of �(z,g)

i
 , the 

smaller the variance of Yi(z) . This parameterization of the beta distribution is not 
the usual one, but it is convenient here because it allows modeling its mean, i.e., 
the mean of the continuous part of the zero inflated beta distribution, and its preci-
sion parameter as a function of the covariates directly (Ospina and Ferrari 2012). In 
order to have a more parsimonious model, we assume that �(z,g)

i
 depends only on the 

encouragement level and the principal stratum membership, and not on covariates: 
thus, �(z,g)

i
= �(z,g) ∀i . On the contrary, we assume that �(z,g)

i
 and �(z,g)

i
 are defined as:

where �(z,g) = (�(z,g),�
(z,g)

X
)
� and �(z,g) = (�(z,g), �

(z,g)

X
)
� are vectors of unknown regres-

sion parameters. Assuming that the covariates are linear functions of the parameters 
and specifying a logit link function we have:

(4)

Pr(Yi(z) =y ∣ Gi = g,Xi)

=

{
�
(z,g)

i
if y = 0

(1 − �
(z,g)

i
) × Beta(y ;�

(z,g)

i
,�

(z,g)

i
) if y ∈ (0, 1)

Γ(�
(z,g)

i
)

Γ(�
(z,g)

i
�
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i
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i
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−1(1 − y)(1−�
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(5)h1(�
(z,g)

i
) = l1(Xi,�

(z,g))

(6)h2(�
(z,g)

i
) = l2(Xi, �

(z,g))
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We assume, for the sake of parsimony, that the effect of the covariates on the out-
come is the same for all the households: �(z,g)

X
≡ �X and �(z,g)

X
≡ �X.

Furthermore, it would be possible to include different covariates in the binary 
and in the continuous part of the zero inflated beta model. Yet, we choose the 
same set of covariates, Xi , for both parts, since we believe that the predictors of 
zero medical expenses and the amount of non-zero medical expenses are plausibly 
the same. Specifically, Xi includes: the share of health expenditures out of the total 
monthly expenditures prior to the intervention; the total monthly expenditures and 
the amount of monthly savings; whether the household head is female; whether in 
the household there are members aged 5 or less and, more generally, the size of the 
household; whether the main source of income is subsistence farming; whether it 
happened the previous month that there was not food to eat in the house because of 
the lack of resources to get the food; and, finally, the level of satisfaction with the 
health status of household members. This set of covariates is partially different from 
the one that enters the principal strata model, Wi . In fact, we have observed variables 
that we reasonably believe are predictors of compliance and also of the outcome, 
as well as variables that are related to only one of them. For example, the willing-
ness to pay for a health financing scheme is considered in the literature as a specific 
proxy of the ability to pay for it (Adebayo et al. 2015), thus affecting the enrolment 
in CHF.

We specify weakly informative prior distributions for the parameters. Specifically, 
for the parameters of the principal strata model, � and �W , we assume Normal prior 
distributions with mean 0 and standard deviation equal to 5. Also for the parameters 
in the potential outcomes model we assume Normal prior distributions centered at 
zero. However, for the intercepts of the binary and the continuous part of the model, 
�(z,g) and �(z,g) , we set the prior standard deviation to 2, while for the regression coef-
ficients of the model, �X and �X we set it to 5. This diversification of the standard 
deviations is motivated by stability reasons. Finally, �(z,g) ∼ Gamma(0.25, 0.25) , 
where the hyperparameters are chosen to make the prior variance for the potential 
outcomes similar to the observed outcome variance.

4.2.1 � Assuming and relaxing exclusion restriction

As anticipated in Sect. 3.2.2, we first obtain the results under the ER for Never Tak-
ers (Assumption 4). We assume it by imposing the following constraints on the 
models’ parameters:

log

(
�
(z,g)

i

1 − �
(z,g)

i

)
=�(z,g) + X

�

i
�
(z,g)

X
,

log

(
�
(z,g)

i

1 − �
(z,g)
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)
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i
�
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X
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A sensitivity analysis for this assumption can be performed by relaxing it and then 
comparing the posterior distributions of the estimated potential outcomes for Never 
Takers. The most straightforward way to do this is not to impose the constraints 
in Eqs.  (7), (8) and (9) and examine how the posterior distributions of estimated 
finite-sample PCEs change (e.g., Imbens and Rubin 1997; Mattei et  al. 2013). In 
fact, when assuming the ER for Never Takers, PCEs for this stratum are forced to 
be equal to zero. When relaxing it, they have a nondegenerate posterior distribu-
tion, which could be centered around zero, thus lending credibility to the ER, or not. 
This is the sensitivity analysis we perform later in the paper. In Appendix A.1, we 
describe an equivalent way of performing this sensitivity analysis.

4.3 � Bayesian inference

Let � ∈ {�,�
W
, �(0,00), �(1,00), �(0,01), �(1,01),�

X
, �(0,00), �(1,00), �(0,01), �(1,01), �

X
,�(0,00)

,�(1,00)
,�(0,01)

,�(1,01)} 
be the parameter vector, including the parameters of the distribution of the 
principal strata membership given the covariates in Wi , and of the distribu-
tion of the potential outcomes given the covariates in Xi and the principal stra-
tum. Assume a prior distribution p(�) . Denote also �(g)

i
≡ Pr

(
Gi = g ∣ Wi

)
 and 

fi(y)
(z,g) ≡ Pr

(
Yi(z) = y ∣ Gi = g,Xi

)
 . Given the latent nature of the principal strata, 

the observed data likelihood results in the following finite mixture model likelihood:

Consequently, the posterior p(� ∣ Z,M,Y,W,X) ∝ p(�) × L(�) is analytically 
intractable. To solve this issue, we exploited Stan (Stan Development Team 2014), 
a free and open-source C++ software that performs Hamiltonian Monte Carlo using 
an adaptive variant of the algorithm (Hoffman and Gelman 2014).

(7)�(1,00) = �(0,00),

(8)�(1,00) = �(0,00),

(9)�(1,00) = �(0,00).

L(�) =
∏

i∶Zi=0,Mi=0

[(
�
(00)

i
⋅ fi(Yi)

(0,00)
)
+
(
�
(01)

i
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(0,01)
)]

×
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(00)
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5 � Results

In this Section, we show and compare the results obtained first assuming the ER for 
Never Takers and then relaxing it.

5.1 � With exclusion restriction for Never Takers

5.1.1 � Principal strata

First of all, let us focus on the size and the characteristics of the principal strata. 
Regarding their size, the estimated posterior probabilities of principal strata mem-
bership are reported in Table 6.

The vast majority of the sample is made of Compliers (posterior mean 76.8%, 
95% credible interval 72.4–80.7%). This means that the vast majority of the house-
holds would accept the offer to enroll in the CHF scheme after attending sensitiza-
tion sessions. Examining the characteristics of the households that, instead, would 
opt out can provide us with insight into the reasons behind their lack of compliance.

We summarize the distributions of the characteristics of the principal strata in 
Fig. 2.

From this figure, it is evident that Compliers and Never Takers are somewhat 
different with regards to almost every aspect considered. First and foremost, 
Never Takers have a lower share of health expenditures but, at the same time, 
higher total expenditures. Therefore, one could suppose that these households 
would not accept to enroll in the CHF scheme because they do not need it. How-
ever, to a closer look, it is evident that this is not the case. Indeed, Never Takers 
more often have children aged 5 or less, which usually implies more healthcare 
costs, and also a higher incidence of serious illness among household’s mem-
bers. It is noteworthy that Never Takers faced more difficulties than Compliers 
in the year prior to the intervention, since they experienced a remarkably higher 
number of shocks. These shocks include not only the occurrence of serious ill-
ness but also death of household’s members, as well as the occurrence of con-
flicts, thefts, fires, droughts, floods and other episodes that may partially explain 
the higher total expenditures and that are likely to have a major impact on the 
financial well-being of the family. Moreover, Never Takers declared to have con-
cerns about the affordability of healthcare services more often than Compliers. 
In addition, they are less willing to pay 10,000 UGX/year per household member 
in order to have a health insurance; in the light of what we have said so far, this 
is reasonably due to the amount of money required, rather than to a lack of will-
ingness to have a health insurance. Given the complete picture, it does not seem 
plausible that Never Takers did not need or did not want a health insurance, but 

Table 6   Estimated posterior 
probabilities of principal strata 
membership when ER for Never 
Takers is assumed

Mean Sd 2.5% 97.5%

Proportion of Compliers 0.768 0.022 0.724 0.807
Proportion of Never Takers 0.232 0.022 0.193 0.276
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rather that they could not afford it. Finally, we found further differences between 
Never Takers and Compliers with respect to the literacy level and gender of the 
household head. In particular, the former confirms the lower socio-economic 
status of Never Takers, while the latter indicates that female-headed households 
are more likely to be Compliers.

5.1.2 � Estimated principal causal effects

Since we have assumed the ER for Never Takers, which states the absence of any 
treatment effect for this subgroup, we now focus on the estimated treatment effects 
for Compliers. The estimated finite-sample mean potential outcomes and PCEs for 
the latter principal stratum are reported in Tables 7 and 8, respectively.

Fig. 2   Boxplots summarizing the distributions of the covariates in the principal strata model by principal 
stratum; “NT” stands for Never Takers and “C” for Compliers

Table 8   Summary statistics of 
the posterior distributions of the 
estimated PCEs for Compliers 
when ER for Never Takers is 
assumed

Mean Sd 2.5% 97.5% Pr(⋅ <0)

HEE
01

−0.045 0.024 −0.102 −0.004 0.985
CHEE

01
−0.143 0.067 −0.269 0.000 0.975

ZHEE
01

0.053 0.032 −0.022 0.104 0.056
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The estimated share of health costs over the total monthly expenditures is fairly 
high for Compliers in the absence of intervention (posterior mean 16.7%, 95% cred-
ible interval 12.8–22.4%); however, it is significantly reduced by attending the sen-
sitization sessions and enrolling into the CHF scheme (posterior mean 12.2%, 95% 
credible interval 11.3–13.2%). The intervention is shown to have a considerable pos-
itive impact on catastrophic health expenditures as well; indeed, their average inci-
dence is 62.9% (95% credible interval 50.3–74.6%) in the absence of intervention, 
but it reduces to 48.6% (95% credible interval 44.4–52.9%) when the intervention 
is offered and undertaken. Consistently, in the latter case there is also a noteworthy 
increase in the incidence of zero monthly healthcare expenditures, which reaches 
8.6%, on average (95% credible interval 6.0–11.9%); indeed, in the absence of the 
intervention, this incidence is, on average, 3.3% (95% credible interval 0.0–9.8%), 
that is, it amounts to less than half.

In light of these findings, the intervention has accomplished its goal of reduc-
ing health care costs for Compliers. The estimated effects are the result of attending 
the sensitization sessions and participating in the CHF scheme as a whole. In fact, 
on the one hand, sensitization was aimed at raising awareness on the importance of 
using health care services promptly when needed; on the other hand, the prompt 
access to health care services was facilitated by the possibility of using the com-
mon fund to cover the costs at the immediate time of need. Avoiding waiting for 
worsening health conditions before seeking medical consultation or treatment avoids 
having to pay for expensive emergency services. Moreover, the greater incidence of 
zero monthly health costs resulting from the intervention indicates that households 
could have further changed their health-seeking behaviors realizing the importance 
of using free prevention services instead of waiting for health problems to occur.

Table 7   Summary statistics 
of the posterior distributions 
of the estimated potential 
outcomes, and their relevant 
transformations, for Compliers 
when ER for Never Takers is 
assumed

ai.e., the average proportion of catastrophic health expenditures if 
encouraged
bi.e., the average proportion of zero health expenditures if encour-
aged

Mean Sd 2.5% 97.5%

For Compliers

Y(1) 0.122 0.005 0.113 0.132

Y(0) 0.167 0.023 0.128 0.224

1(Y(1) ≥ 0.10)
a 0.486 0.022 0.444 0.529

1(Y(0) ≥ 0.10) 0.629 0.061 0.503 0.746

1(Y(1) = 0)
b 0.086 0.015 0.060 0.119

1(Y(0) = 0) 0.033 0.026 0.000 0.098
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5.2 � Without exclusion restriction for Never Takers

5.2.1 � Principal strata

Let us now evaluate the results relative to the principal strata size and characteristics 
when ER for Never Takers is not assumed. The posterior distributions of the pro-
portion of Compliers and Never Takers almost entirely overlap with those obtained 
when assuming it. We report some summary statistics in Table 9.

Not only the size of the principal strata, but also their characterization remains 
essentially the same. We report the boxplots summarizing the distributions of the 
covariates by principal stratum in Appendix A.2 (Fig. 4).

5.2.2 � Estimated principal causal effects

Since we do not assume, at this stage, the ER for Never Takers, we allow for the 
presence of encouragement effects for this subgroup as well as for that of Compliers. 
For both principal strata, we report some summary statistics of the estimated finite-
sample mean potential outcomes in Table 10.

Table 9   Estimated posterior 
probabilities of principal strata 
membership when ER for Never 
Takers is not assumed

Mean Sd 2.5% 97.5%

Proportion of Compliers 0.788 0.022 0.741 0.827
Proportion of Never Takers 0.212 0.022 0.173 0.259

Table 10   Summary statistics 
of the posterior distributions 
of the estimated potential 
outcomes, and their relevant 
transformations, within each 
principal stratum when ER for 
Never Takers is not assumed

Mean Sd 2.5% 97.5%

For Compliers

Y(1) 0.122 0.005 0.112 0.133

Y(0) 0.155 0.017 0.122 0.189

1(Y(1) ≥ 0.10) 0.485 0.022 0.444 0.530

1(Y(0) ≥ 0.10) 0.607 0.061 0.481 0.717

1(Y(1) = 0) 0.088 0.016 0.061 0.122

1(Y(0) = 0) 0.024 0.020 0.000 0.076

For Never-Takers

Y(1) 0.113 0.013 0.092 0.142

Y(0) 0.242 0.061 0.135 0.379

1(Y(1) ≥ 0.10) 0.430 0.046 0.346 0.520

1(Y(0) ≥ 0.10) 0.609 0.128 0.333 0.836

1(Y(1) = 0) 0.066 0.027 0.035 0.133

1(Y(0) = 0) 0.187 0.103 0.035 0.432
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From this Table it is evident that the share of health costs over the total monthly 
expenditures is extremely high for Never Takers when they do not attend sensitiza-
tion sessions; specifically, it amounts to 24.2% of the total monthly expenditures, 
on average (95% posterior credible interval 13.5–37.9%). This mean is much higher 
than the threshold above which monthly health expenditures are considered “cata-
strophic”, (i.e., 10% of the total monthly expenditures). It follows that also the inci-
dence of catastrophic health expenditures is extremely high for this principal stra-
tum in absence of sensitization: in fact, in that case, the estimated percentage of 
Never Takers that have catastrophic health expenditures is, on average, 60.9% (95% 
posterior credible interval 33.3–83.6%). At the same time, however, the estimated 
incidence of zero health expenditures among these households is high as well: 
specifically, on average, 18.7% of Never Takers is estimated to have zero monthly 
health expenditures when not receiving sensitization (95% posterior credible 
interval 3.5–43.2%). Given the overall characteristics of this stratum discussed in 
Sect.  5.1.1, it seems plausible that most of these households could not afford any 
health expenditures.

On the other hand, the estimates reported in Table 10 for Compliers when they 
do not attend sensitization sessions and thereby do not participate in the scheme are 
similar to those obtained under the ER for Never Takers. Hence, the disadvantage 
we found, based on pre-intervention characteristics, of Never Takers compared to 
Compliers persists or is even worsened at follow-up if no appropriate intervention is 
implemented.

The posterior distributions of the finite-sample PCEs are approximated by the his-
tograms reported in Appendix A.2 (Fig. 5). These distributions are all well-shaped. 
Some summary statistics are shown in Table 11.

From this Table it is evident that beneficial effects of the intervention exist for 
both the principal strata, and that they are even bigger for Never Takers than for 
Compliers. In fact, we estimate a significant reduction of the share of health costs 
over the total monthly expenditures that averages −3.3% (95% credible interval −6.9 
to 0.2%) for Compliers, while it reaches an average of −12.9% (95% credible interval 
−26.9 to −1.8%) for Never Takers. This effect might seem counter-intuitive, because 
Never Takers do not actually participate in the program, while Compliers do. How-
ever, the different characteristics of Never Takers and Compliers may help explain 
the finding. First, Never Takers have much higher health care costs in the absence of 
intervention (see Table 10), and thus significantly more room for improvement than 

Table 11   Summary statistics of 
the posterior distributions of the 
estimated PCEs when ER for 
Never Takers is not assumed

Mean Sd 2.5% 97.5% Pr(⋅ < 0)

HEE
01

−0.033 0.018 −0.069 0.002 0.966
CHEE

01
−0.122 0.066 −0.246 0.016 0.955

ZHEE
01

0.064 0.027 0.000 0.110 0.021
HEE

00
−0.129 0.063 −0.269 −0.018 0.991

CHEE
00

−0.180 0.138 −0.431 0.113 0.882
ZHEE

00
−0.121 0.108 −0.370 0.043 0.873
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Compliers. Moreover, the disadvantages Never Takers face, based on their observed 
characteristics, probably make them more sensitive and responsive to the principles 
taught during the sensitization sessions. Of course, this does not mean that partici-
pating in the program is detrimental and that it would be better to attend only the 
sensitization sessions; in fact, Compliers seem to benefit from the program. The 
results suggest that, for some individuals, a well designed sensitization may already 
produce some beneficial results.

This is reflected in the incidence of catastrophic health expenditures; in particu-
lar, we estimate that, on average, 12.2% fewer Compliers and 18.0% fewer Never 
Takers have catastrophic health expenditures when assigned to the encouragement. 
About the former effect, CHEE01 , the 95% credible interval covers zero, although the 
posterior probability of this effect being negative is very high (0.955). The same is 
true for the latter effect, CHEE00 , which has a posterior probability of being negative 
of 0.882.

Finally, the intervention also has an impact on the incidence of zero monthly 
health expenditures. On the one hand, we estimate that 6.4% more Compliers have 
zero monthly health expenditures. As previously argued in Sect.  5.1.2, this effect 
could be due to a more widespread use of free preventive services. On the other 
hand, we estimate that 12.1% fewer Never Takers have zero health expenditures, 
that is equivalent to say that 12.1% more Never Takers spend some money over the 
course of a month for medical or health services. Given the observed characteris-
tics of Never Takers, we believe that most of them were facing financial hardship 
and therefore would not have spent any money for apparently postponable health 
problems if not encouraged to join the program; however, if encouraged, they are 
persuaded to seek for a medical consultation or treatment. In fact, during the sensi-
tization sessions, these households were instructed on the importance of using the 
necessary health care services without stalling because this would have improved 
the health status of household members and that this, in turn, would have prevented 
them from facing additional health costs in the future. The 95% credible interval 
for the former effect, i.e. ZHEE01 , does not include the zero, while that for the latter 
effect, i.e. ZHEE00 , includes the zero but it is almost negative.

6 � Additional sensitivity analyses

We evaluated the goodness-of-fit of the models, when we did not assume the ER for 
Never Takers, by conducting posterior predictive checks (Rubin 1984). This practice 
is well-established in Bayesian model-based PS analyses (e.g., Barnard et al. 2003; 
Mattei et al. 2013; Forastiere et al. 2021). A posterior predictive check involves a 
comparison between the observed data and replications of them generated from their 
posterior predictive distribution. Intuitively, if the models are specified appropriately, 
the latter should generate data similar to the observed ones. In addition to making a 
visual inspection, we can formally test the null hypothesis that a chosen observed 
statistic comes from the model we actually specified. A formal posterior predic-
tive check involves first the choice of a discrepancy measure, which is a function 
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of the observed data and the parameter vector � , and second the computation of a 
Bayesian p-value. A widely used Bayesian p-value is the so-called posterior predic-
tive p-value (PPPV) (Meng 1994; Gelman et al. 1996), which is, in this context, the 
probability over the posterior predictive distribution of the principal strata and the 
parameter vector � that a given discrepancy measure in a new study data, drawn 
with the same � as in the observed study, would be as or more extreme than its real-
ized value in the observed study. An estimate of the PPPV can be derived by first 
obtaining the frequency distribution of the discrepancy measure in R replications of 
the data, i.e., the frequency distribution of Δrep , and then calculating the percentage 
of draws in which Δrep exceeds the realized value of the discrepancy measure in the 
observed study, Δobs . Formally, the PPPV of a generic discrepancy measure is cal-
culated as 1

R

∑R

r=1
1{Δrep ≥ Δobs} . Looking at the p-value thus estimated, we assess 

whether the model can preserve features of the data relevant to the calculation of the 
discrepancy measure. If its value is extreme (close to 0 or 1), it means that the prior 
distribution and the likelihood cannot adequately replicate the discrepancy measure 
to which the p-value refers.

Let �r (r = 1,… ,R) denote the draw of the parameters vector from its posterior 
distribution at iteration r. We simulate R = 3000 replicated data sets as follows. 
First, we generate the principal stratum membership of every subject in the sample 
from the hypothesized principal strata model given �r , i.e., Grep,r

i
 . Thus, it is possi-

ble to simulate the outcome Yrep,r

i
 from its posterior predictive distribution, keeping 

the encouragement Zi fixed at its observed value. We repeat the whole procedure 
R times and thus we obtain R replicated data sets, 

(
G

rep,r

i
, Y

rep,r

i
, Zi

)
 . Once we have 

these replicated data sets, we can use them to compute all the discrepancy measures 
of interest.

Let us indicate with Dstudy
z,g

= {i ∶ Zi = z and G
study

i
= g} the group of units 

belonging to Gstudy

i
= g assigned to Zi = z in the study data, where study = obs 

denotes the observed data and study = rep a replication of them obtained from their 
posterior predictive distribution as described above. Let |Dstudy

z,g
| indicate the cardinal-

ity of Dstudy
z,g

 , i.e., the number of units in this group. Ystudy

i
 is the realized value of the 

outcome variable in the study data. We adopt the following discrepancy measures:

where s2,studyz,g  denotes the variance of Ystudy for the Dstudy
z,g

 group. The measures of sig-
nal, SIstudy

z,z′,g
 , noise, NOstudy

z,z′,g
 , and signal to noise, SNstudy

z,z′,g
 , were proposed by Barnard 

Y
study

z,g
=

∑
i∈Dstudy

z,g
Y
study

i

�Dstudy
z,g

�
for z ∈ {0, 1} and g ∈ {00, 01},

SI
study

z,z�,g
=�Y

study

z,g
− Y

study

z�,g
�, NO

study

z,z�,g
=

����� s
2,study
z,g

�Dstudy
z,g

�
+

s
2,study

z�,g

�Dstudy

z�,g
�
, and

SN
study

z,z�,g
=

SI
study

z,z�,g

NO
study

z,z�,g

for z, z� ∈ {0, 1}, z > z�, z� ≠ z, and g ∈ {00, 01}.
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et al. (2003), and were adopted by Mattei et al. (2013) in a Bayesian model-based PS 
analysis.

The estimated PPPVs for these discrepancy measures are reported in Table 12.
They are all far from zero and one for both Never Takers and Compliers, suggest-

ing a good model fit.

7 � Concluding remarks

Although the statistical literature is abundant of studies in which principal strati-
fication is used to analyze experimental data characterized by noncompliance, 
in the economics literature the use of the Instrumental Variables approach is still 
well-established. This article shows the consequences of violations of the Exclusion 
Restriction on which the Instrumental Variables method relies in the impact evalua-
tion of a intervention of CHF implemented in rural Uganda. This sensitivity analysis 
is conducted by using a Bayesian model-based principal stratification first assuming 
an Exclusion Restriction and then relaxing it. Results show that this intervention has 
positive effects not only on Compliers, i.e. households that would join the scheme 
upon receiving an initial sensitization and offer to enroll, but also on Never Takers, 
i.e. households that would refuse to join the scheme despite the initial sensitization 
and offer to enroll. The effects for Compliers are associative, meaning that they may 
derive from the initial sensitization and offer to enroll but also from participating 
in the scheme, while those for Never Takers are dissociative, meaning that they can 
only derive from the initial sensitization and offer to enroll. The presence of the lat-
ter is ruled out when the Exclusion Restriction is assumed; however, our analysis 
provides evidence that they do exist. Therefore, principal stratification allows deep-
ening the analysis by taking into account the possibility of causal effects of attend-
ing sensitization sessions and receiving the offer to enroll in the CHF scheme.

The analysis yields the following results. For Compliers, the intervention is shown 
to be strongly effective in reducing the share of health costs over the total monthly 
expenditures and the incidence of catastrophic health expenditures as well. Thus, the 
scheme improves financial protection for Compliers allowing them to promptly use 
health care services by delaying the economic burden of health expenses. Moreover, 

Table 12   Estimated PPPVs for 
Never Takers and Compliers

Never Takers 
( Gstudy

i
= 00)

Compliers 
(Gstudy

i = 01)
Discrepancy measure

Y
study

1,g

0.539 0.525

Y
study

0,g

0.513 0.535

SI
study

1,0,g
0.491 0.549

NO
study

1,0,g
0.477 0.588

SN
study

1,0,g
0.511 0.545
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it increases the incidence of zero health expenditures, i.e., it increases the number of 
Compliers having zero monthly health costs. This might indicate a change in health-
seeking behaviors leading to an increase in the utilization of preventive services free 
of charge and a decrease in that of expensive emergency services.

For Never Takers, the strongest causal effect of the intervention is in reducing the 
share of health costs over the total monthly expenditures and, to a weaker extent, in 
decreasing both the incidence of catastrophic and zero health expenditures. Hence, 
the intervention reduces the often excessively high health costs for some households 
while inducing others to spend something for health that they would not have spent 
otherwise. Therefore, we believe that Never Takers are of two different types. Some 
do not join the scheme because they cannot afford the initial amount required to par-
ticipate (5000 UGX/year per member). However, by attending the sensitization ses-
sions, they learned the importance of trying to save a little money to be able to deal 
with health problems that might occur, but also to spend on health today to avoid 
worse health problems and higher expenses in the future. Others are already fac-
ing financial hardship due to health problems that occurred in the previous year and 
thus do not join the scheme to save the initial money required to participate. They 
do, however, have many health-related expenses with and without the intervention 
but spend, in general, less because the sensitization makes them understand how to 
manage their finances more effectively.

Appendix A reports some additional results related to the analyses on health 
expenses. Appendix B reports a supplementary analysis aimed at assessing if this 
effect on health expenses was accompanied by an effect on the amount of monthly 
savings. The results indicate some positive effects for Compliers, but not for Never 
Takers. The lack of a clear effect for the latter group might be attributable to the fact 
that sensitization makes some households have fewer health costs and thereby more 
savings, but also makes others spend some money on health that they would not 
have spent otherwise, thereby preventing their savings from increasing substantially.

These analyses have two important implications in terms of policy making. The 
first is the fact that those that would benefit most from a health insurance do not 
seem to have the resources needed to take it out. The second is the fact that activi-
ties of sensitization alone can be extremely effective to reduce vulnerability against 
health costs for all population groups (not only enrolled members). The implemen-
tation of awareness-raising campaigns has thus potential to significantly contribute 
to enlarge health coverage and to reduce impoverishment for poor and vulnerable 
population groups who receive information and change their behaviors for health 
financing.

Appendix A Additional results

A.1 Assessing the validity of the Exclusion Restriction

To conduct a sensitivity analysis for the ER for Never Takers, it is possible to 
contrast different features of the posterior distributions of the estimated potential 
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outcomes for Never Takers, including the parameters of these distributions. Specifi-
cally, by assessing the posterior distributions of �̂(1,00) − �̂(0,00) , �̂(1,00) − �̂(0,00) and 
�̂(1,00) − �̂(0,00) , it is possible to understand whether the assumption would hold if it 
were imposed. In fact, these distributions could be centered around zero, thus lend-
ing credibility to the ER, or not.

We show the result of this sensitivity analysis in Fig. 3.
The posterior distributions in the figure are not centered around zero and, while 

the 95% credible intervals for �(1,00) − �(0,00) and �(1,00) − �(0,00) still cover zero, the 
one for �(1,00) − �(0,00) does not. Therefore, this examination shows that the ER for 
Never Takers is not valid in this study.

A.2 Additional figures

See Figs. 4, 5.

Fig. 3   Posterior distributions of �̂(1,00) − �̂(0,00) , �̂(1,00) − �̂(0,00) and �̂(1,00) − �̂(0,00) . The dashed line indi-
cates zero
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Fig. 4   Results of the analysis on the share of health costs over the total monthly expenditures when ER 
for Never Takers is not assumed. Boxplots summarizing the distributions of the covariates in the princi-
pal strata model by principal stratum; “NT” stands for Never Takers and “C” for Compliers

Fig. 5   Histograms of the PCEs when ER for Never Takers is not assumed. The vertical lines indicate the 
95% credible interval
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Appendix B Supplementary analysis

We now want to assess whether the impact of the intervention in decreasing the 
monthly health costs of most of the households is also reflected in an increase in 
their monthly savings.

B.1 The outcome

The histograms of the empirical distribution of monthly savings by encouragement 
group are shown in Fig. 6.

From this plot it is evident that the distribution of this outcome for households 
that did not receive sensitization is more shrunk towards zero than that of house-
holds that receive sensitization and were offered CHF. Moreover, we can notice the 
presence of several outliers in the latter distribution, i.e., several households with an 
unusually large amount of monthly savings among those which received sensitiza-
tion. The complication due the presence of these outliers can be addressed in several 
ways. A simple option could be to remove them and conduct the analysis on a subset 
of households only. However, we want to have here the same sample we had in our 
primary analysis so we can interpret the results of both analyses as a whole. Thus, 
we decided to categorize monthly savings according to the tertiles of its empirical 
distribution. We denote with Y∗ the N-dimensional vector containing the resulting 
categorical outcome for the whole sample: Y∗

i
= t if the monthly savings of i-th 

household are in the t tertile ( t ∈ {1, 2, 3} ). The sample size at hand does not allow 
a finer categorization. Relying on SUTVA (Assumption 1), we again index the indi-
vidual potential outcomes by the individual encouragement only; so, we indicate 
with Y∗

i
(z) the monthly savings tertile of i-th household under the encouragement 

level z (with z ∈ {0, 1} ). The rest of the notation remains the same as in the previous 
analyses.

Fig. 6   Histogram of the empirical distribution of monthly savings by encouragement group
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B.2 Methodology

We define the same principal strata and we again estimate PCEs, i.e., stratum-spe-
cific effects of the intervention. We refer to the PCEs on savings as Savings Effect 
(SE), and we define them as follow:

Therefore, we have a PCE on each tertile t of the empirical distribution of savings 
for each principal stratum g. We do not assume, here, the ER for Never Takers given 
that the previous analyses revealed the existence of some causal effects even for this 
subgroup.

We again use Bayesian inference methods. We specify the same model for the 
principal strata membership given the covariates, but a different model for the 
potential outcomes conditional on the covariates and the principal strata. Specifi-
cally, given the categorical nature of Y∗ , we model it using a multinomial logistic 
model of the form:

with z ∈ {0, 1} and t = 1, 2 (the last category of Y∗ is taken as the reference). 
�S,t = (�1,t, ..., �K,t)

� are vectors of unknown regression parameters and Si is a vector 
of K pre-treatment covariates. Specifically, Si includes: the monthly savings prior to 
the intervention; the total monthly expenditures and the amount of monthly savings; 
whether the household is single, widow or divorced; whether in the household there 
are members aged 5 or less and, more generally, the size of the household; whether 
the main source of income is subsistence farming; and, finally, the level of satisfac-
tion with the health status of household members.

We specify weakly informative prior distributions for the parameters. Specifi-
cally, for the parameters of the principal strata model we specify the same prior 
distributions that we specified in the analysis on health costs; for the parameters 
of the outcome model, we assume Normal prior distributions with mean 0 and 
standard deviation equal to 2.

B.3 Results

Regarding the principal strata, the estimated proportion of Compliers and Never 
Takers are more or less the same we found in the previous analyses (Table 13).

Likewise, also the observed characteristics of these principal strata are very simi-
lar to those we estimated before; we report the resulting boxplots in Fig. 7.

Regarding the estimated PCEs, reported in Table 14, we found some interesting 
results for Compliers.

SE(t)g =

∑
i∶Gi=g

�
1(Y∗

i
(1) = t) − 1(Y∗

i
(0) = t)

�

Ng

t = 1, 2, 3

log

(
Pr(Y∗

i
(z) = t ∣ Gi = g, Si)

Pr(Y∗
i
(z) = 3 ∣ Gi = g, Si)

)
= �

(z,g)
t + S

�

i
�S,t
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Table 13   Estimated posterior 
probabilities of principal strata 
membership

Mean Sd 2.5% 97.5%

Proportion of Compliers 0.765 0.021 0.720 0.807
Proportion of Never Takers 0.235 0.021 0.193 0.280

Fig. 7   Results of the analysis on monthly savings. Boxplots summarizing the distributions of the covari-
ates in the principal strata model by principal stratum; “NT” stands for Never Takers and “C” for Com-
pliers

Table 14   Summary statistics of 
the posterior distribution of the 
estimated PCEs

Mean Sd 2.5% 97.5% Pr(⋅ < 0)

SE(1)
01

−0.150 0.126 −0.416 0.066 0.881
SE(2)

01
−0.013 0.112 −0.210 0.237 0.567

SE(3)
01

0.162 0.104 −0.038 0.351 0.054
SE(1)

00
−0.156 0.248 −0.569 0.347 0.725

SE(2)
00

0.152 0.209 −0.415 0.418 0.179
SE(3)

00
0.004 0.194 −0.418 0.288 0.413
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On the one hand, we estimate a higher incidence of savings in the third tertile 
following the intervention: 16.2% more Compliers have savings in the third tertile, 
on average (95% credible interval −3.8% – 35.1%). On the other hand, we cannot 
conclude that the intervention clearly decreases the incidence of savings in the first 
tertile for this principal stratum, although the posterior distribution of the estimated 
effect is mostly negative. Finally, for Never Takers, the 95% credible intervals for 
the estimated PCEs are wider – because these households are fewer in number than 
Compliers – and include zero, so we cannot conclude that there is an effect of the 
sensitization received on saving.
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