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Abstract 

What is the average impact of the BRAC Ultra-Poor Graduation program? Despite numerous 
impact studies, the debate remains partly unsettled because of the important heterogeneity in 
program effects across different places. In this thesis, I apply Bayesian Hierarchical Modeling on 
a dataset that includes six Graduation pilots to jointly estimate this heterogeneity and the average 
effects of the intervention. I find an important true variability in effect across places and use it to 
estimate the realistic average impact as well as site-specific program effect. I find that the cross-
pilots effectiveness of the intervention is not as statistically significative as previously thought. The 
analysis highlights the limited external validity of the site effect estimates.  
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thanks to my family and friends, especially Julien De Bundel and Alice Dechamps, for their unfailing support.  
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1. Introduction 
The World Bank estimated that 689 million people found themselves in extreme poverty in 2017 
in the world. The COVID-19 is expected to push an additional 100 million individuals below the 
extreme poverty line in 2020 alone while climate change is already aggravating the situation in the 
short term (World Bank, 2020). Many programs are implemented by states, NGOs and international 
organizations to tackle this massive issue.  

Scholars and economists are working to better understand how and why such programs can be 
effective. They play a crucial role in informing policymakers about the necessary adjustments of 
programs and their probable impacts when implemented in a new location. In recent years, a lot of 
Randomized Control Trials (RCTs) evaluated treatment effect of many anti-poverty interventions 
in different locations with high internal validity. On the one hand, effectiveness of a program 
widely differs across individuals and contexts. On the other hand, some form of information 
aggregation is needed to draw conclusion and inform policies. This is directly related to the crucial 
question of external validity of the Treatment Effect (TE) estimates and the extrapolating power of 
impact analysis. Bayesian Hierarchical Modeling (BHM) is a new meta-analysis framework in 
economics that allows to find a middle ground between no aggregation at all (hypothesis of infinite 
heterogeneity) and total aggregation (hypothesis of no heterogeneity) across different impact 
evaluation studies. 

In this master thesis, I use BHM to raise the question of common effectiveness of a poverty 
reduction program evaluated in six different countries by taking into account the heterogeneity in 
treatment effect across sites. Using the data collected by Banerjee et al. (2015) on BRAC Ultra-
Poor Graduation program pilots, I confront my BHM treatment effect estimates and those found 
through the two extreme hypotheses commonly employed in classical meta-analysis.  

I find an important heterogeneity in the treatment effect due to context variation. Especially for the 
variables the most impacted by the intervention. By taking those heterogeneities into account, I 
estimated cross site treatment effect means that are similar or higher than those of the original 
article. However, the uncertainty around those estimates increases for all variables and dramatically 
rises for some. As a result, I find statistically significant treatment effect for only two main 
variables two years after the end of the intervention. Whereas eight of the ten main variables present 
statistically significant TE using Banerjee et al. (2015) methodology. The BHM approach has better 
features to estimate cross sites treatment effect in heterogeneous environments. It highlights the 
relatively limited external validity of each site estimated treatment effect. In addition, the BHM 
suggests the size of the extrapolation error made in pooled OLS estimation procedure when the 
treatment effect widely differs across sites. 

The next section presents the Ultra-Poor Graduation program and some impact evaluations of its 
effects. Section 1.2 reviews the literature on Bayesian Hierarchical Modeling as well as on 
heterogeneity in impact evaluation. In the methodology part, I first detail the data in section 2.1, 
then present the hierarchical feature of the BHM in section 2.2. Next, I briefly develop the 
rationales behind Bayesian statistics and section 2.4 formally presents the implementation 
procedure of BHM for the Graduation pilot dataset. Sections 3.1 to 3.3 compare different settings 
of BHM and introduce the approximation of treatment effect heterogeneity across sites for each 
variable. Section 3.4 formally presents the cross-site treatment effect BHM estimates, and section 
4 explores possible tracks to explain this heterogeneity. 
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1.1 The Ultra-Poor Graduation program 
 
The Ultra-Poor BRAC Graduation program (Graduation) is the materialization of an integrated 
approach to improve the lives of the ultra-poor. Based on six pillars (capital transfers, consumption 
support, technical skills training, saving encouragement, health education and services, and home 
visits), it is constructed to provide “the big push” to move the targeted participants beyond the 
extreme poverty line. The program has been recognized as a valuable tool to achieve the 
Sustainable Development Goal 1 of the United Nation: “End poverty in all its forms everywhere”. 
The four main goals of Graduation are social protection, livelihood promotion, financial inclusion, 
and social empowerment (Coates & MacMillan, 2019). 

The program is partly built on the livelihood approach which focuses on self-employment 
activities. It relies on the importance of developing opportunities for the poor rather than putting 
an emphasis on the consumption-aspect of the policy approach (Banerjee & Newman, 1993; 
Balboni et al., 2020). However, time and experience have shown that anti-poverty programs should 
not be limited to this aspect but rather should provide a holistic set of service packages for a 
sustainable poverty trap escape (Banerjee et al., 2020). Indeed, ultra-poor are also caught in a self-
perpetuating trap of hopelessness (Kharas et al., 2020). They feel invisible, deprived of basic 
capabilities, with very low sense of worth. Consumption-based and asset transfer programs alone 
cannot tackle these issues properly. No more than hope and self-esteem alone can buy food and 
help you find a stable employment. The Graduation approach aims to face both these psychological 
challenges and material problems. The program targets the “ultra-poor”, the poorest within the 
poor communities, those living under the extreme poverty line of 1.9 international dollars per day. 
It tries, within a 24 to 36-month period, to “graduate people out of poverty” (Dharmadasa et al., 
2016). Participants are usually selected through village meetings followed by a staff verification 
(Banerjee et al., 2015). Graduation does not mean end of poverty, rather that participants might 
find themselves on an upward trajectory to get out of extreme poverty.  

The idea behind the Graduation program comes from a large Bangladeshi NGO named BRAC – 
Building Resources Across Communities - which operates development programs since 1972. 
BRAC is now considered as the world largest NGO in terms of membership, scope, and budget 
(MacLennam et al., 2017). To address the question of its adaptability to other contexts than the 
Bengali context, the Sustainable Livelihoods Project was launched in 2006 by Consultative Group 
to Assist the Poor (CGAP) and Ford Foundation. The project implemented the approach in ten 
pilots within eight countries: Ethiopia, Ghana, Haiti, Honduras, India, Pakistan, Peru and Yemen. 
Six of those were evaluated by researchers from the Abdul Latif Jameel Poverty Action Lab (J-
PAL) and from the Innovation for Poverty Action (IPA). The impact evaluation was published in 
2015 in the Science Magazine under the name “A multifaced program causes lasting progress for 
the very poor: Evidence from six countries” (Banerjee et al., 2015). As the title suggests, sustainable 
and significant impacts have been found across countries. I discuss their findings and describe their 
evaluation method and data in the first section of the methodology part.   

Other Graduation programs have also been evaluated by RCTs studies. Bandiera et al. (2017) found 
significant long-term impacts of a similar BRAC holistic program of assets and skills transfer to 
poor women in Bangladesh. Banerjee et al. (2016) re-evaluated the pilot site of West Bengal seven 
years after the beginning of the Graduation implementation and estimated important, sustainable, 
and even growing impacts in all categories of outcomes. Sulaiman et al. (2016) reviewed 48 
different antipoverty programs of different kinds: livelihood development programs, unconditional 
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cash transfers and Graduation approach. They demonstrated that the former was the most cost-
effective (i.e., greatest impact per dollar) with the most lasting impacts when targeting the 
extremely poor people. More recently Balboni et al. (2020) evaluated the long-term dynamics and 
found a significative impact of the BRAC program in Bangladesh up to 11 years after the beginning 
of the program in 2008. Banerjee et al. (2020) reanalyzed the results of Banerjee et al.’s (2015) 
study of the Ghanaian case and highlighted the superiority of the Graduation approach in 
comparison to simple asset transfers or access to credit institutions. In addition to the 
aforementioned studies, several others also pointed out the effectiveness of the Graduation 
approach (Ahmed et al., 2009; Hulme & Moore, 2008; Mallick, 2009; Martin, et al., 2008; Mukti 
et al., 2014; Bandiera et al., 2013; Das et al., 2010; Raza et al., 2012; Islam, 2019). 

However, it is interesting to note that Bauchet et al. (2015), who evaluated the second Indian pilot 
in Andhra Pradesh, did not find such a positive impact. Indeed, they observed that the labor market 
with large wage-employment rate counteracted the program’s effects on income and time use. Even 
though the global impact of Graduation, evaluated by Banerjee et al. (2015), was positive and 
sustainable, authors pointed out the weaker results in Honduras where a large share of the livestock 
transfer quickly died. In addition to that, Kidd and Bailey-Athias, in Debate Graduation (2017), 
highlighted the important inclusion error (i.e. participant above the extreme poverty line) in the six 
pilots evaluated by J-PAL and IPA researchers, especially in Pakistan and Peru. They also 
emphasized the modest absolute impact on household consumption, even though it may seem 
important in relative terms. In Bangladesh for example, a year after the end of the program, the 
average increase in earnings by day was only around 0.06 nominal 2007 USD. Kidd and Bailey-
Athias also raised the question of the relevance of the cost-effectiveness analysis of Banerjee et al. 
(2015), as well as of Bandiera et al.’s (2016) studies. They argue that since the sustainability over 
time of the program impact is not sufficiently proven (i.e., only evaluated shortly after the 
interventions ended), the assumptions about the future gains of the program, even though 
discounted in the cost-benefit analysis, remains disputable.  

In the meantime, the reasoning of the Graduation Approach is now being adopted by more than a 
hundred programs across 40 countries by NGOs, governments, and international institutions 
(MacLennam, 2017). In 2019, over 1.9 million households had directly benefited from the 
Graduation programs which represent more than 7 million people (Coates & MacMillan, 2019). It 
has been adapted to a wide range of countries (i.e. on four continents) and contexts (e.g. urban, 
rural, mixed), adopted site-specific objectives (e.g. with refugees) and has targeted different groups 
of people in need (e.g. women, indigenous, youth). For Hashemi et al. (2016), there are key features 
of the Graduation approach that allow for its scaling up: its design vis-à-vis of potential livelihood 
opportunities, its transparent targeting, the relatively short period of assistance necessary, the 
linkages with other public and private assistance programs, and the quality of the local staff who 
understands and assists individuals in their graduation process.   

The idea behind the different pilots launched by CGAP and the Ford Foundation is to try a similar 
program across different countries, then, check whether its impacts remain cost-effective across 
contexts. We can expect important inter-site heterogeneity in the TE due to specific contexts and 
different program implementations. And indeed, Banerjee et al. (2015) rejected the F-test of 
equality of Ordinary Least Squares (OLS) regression coefficient across sites for almost all pooled 
outcomes. The BHM methodology could thus use this heterogeneity to better estimate the treatment 
effect of the intervention across and within sites.	
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1.2 Related methodological literature 

Randomized Control Trial technic is synonymous with high internal validity. RCT studies generate 
evidence of “what works” in a given context if well implemented. However, evidence from one 
place have only limited value for any other context. The question of external validity can be raised 
as “how does a rigorous estimate of causal impact in one context j affect our beliefs about the 
causal impact in other contexts k?” (Pritchett & Sandefur, 2014, 6). Cartwright and Munro (2010) 
see external validity as something which has “to do with whether the result that is established in 
the study will be true elsewhere” (Cartwright & Munro, 2010, 262). This external validity issue is 
particularly problematic for policy recommendation. With the recent rise in popularity of RCT in 
development economics, policymakers have tried to implement “evidence-based” interventions 
using internally robust impact evaluation results without taking seriously enough the variation in 
context into account (Peters et al. 2018; Gechter, 2015; Deaton 2010; Vivalt 2020; Coville & 
Vivalt, 2019; Banerjee & Duflo, 2009). In many of the experimental evaluation studies published, 
their external validity is “mostly a matter of theoretical speculation” as point out Dehejia et al. 
(2021, 217).	 

Modeling the heterogeneity in TE within a study sample is important to understand the individual 
characteristics that influence program performance. By using those demographic characteristics, it 
is possible to get better estimates of the program effect in another setting. To further investigate 
this kind of approach dedicated to the understanding of within sample heterogeneity in TE see 
Kowalski (2016), Olsen and al. (2013) and Hartman and al. (2015). However, those articles focus 
on micro-level variation across evaluation samples due to the low number of impact evaluations of 
the same program. Therefore, it does not reflect the role of contextual, economic or institutional, 
factors in the effectiveness of the program.  

Those contextual settings play an important role in the variability of the TE. Prichett and Sandefur 
(2014) for instance presented results with a higher heterogeneity due to context-level variables than 
to individual-level variables in class size effect evaluation. Orr et al. (2019) also examined TE of 
an education experiment as a function of site-level variables using out-of-sample predictive 
technic. Raudenbush and Bloom (2015) presented a review of existing conceptual and statistical 
methodologies for multi-site impact evaluation of intra and inter site heterogeneity of TE. Both 
within and across sample variations in treatment effect are important to understand how 
interventions are truly effective. For the external validity question, inter-site variability is 
particularly problematic and needs to be addressed with caution. Indeed, information about context, 
program implementation and evaluation process can help the inference process. Taking those 
considerations into account can potentially lead to better extrapolation and external validity for 
some other contexts. Heterogeneity can be seen as “the failure to specify causal models of the 
processes we are examining” as mentioned by Deaton (2010, 452), who emphasized the importance 
of understanding the phenomenon theoretically rather than only taking it into account.  

To study these inter-site heterogeneities, a new framework has recently emerged in the field of 
economics. Indeed, the Bayesian Hierarchical Modeling has been used for decades to evaluate 
external validity of treatment effect in other disciplines such as medicine and psychometrics. 
However, only four teams of economists have worked on heterogeneity of TE and external validity 
of internally valid studies using BHM – at least to my best knowledge. Hierarchical technic is 
widely used to study site characteristics. But a Bayesian Hierarchical approach allows joint 
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estimation of the Global Treatment Effect (GTE) and inter-site TE heterogeneity used for Local 
Treatment Effect (LTE) estimation.  

Vivalt (2014 & 2020) used BHM to analyze the heterogeneity of a large set of impact evaluation 
studies and found important heterogeneity due to contextual factors but failed to find important 
extrapolating power with only a small set of context variables. She also demonstrated that TE 
uncertainty can be reduced by taking study and intervention characteristics into account. Bandiera 
et al. (2016) also applied BHM to evaluate the difference in gender response to performance pay 
using multiple primary studies. Burke, Hsiang and Miguel (2013 & 2015) reviewed the emerging 
literature linking climate change and armed conflict using similar framework to discuss variabilities 
across 55 studies. Meager (2016 & 2019) analysed the average TE and the heterogeneity in seven 
RCT experiments of microcredit expansion. She highlighted the relatively low TE heterogeneity 
and pointed out the important role of intervention characteristics in the variation of TE across sites. 
The Bayesian approach recently gained in popularity with the exponential increase of 
computational power and with the greater accessibility of implementation software such as Stan.  

However, it is important to precise that BHM, even in an ideal situation, cannot answer to all issues 
linked to  external validity of impact evaluation studies. Firslty, it is extremely difficult to evaluate 
the true variation of TE across sites. Secondly, this framework is not fully robust against four 
external-validity issues identified by Duflo, Glennerster and Kremer (2008): Hawthorne and John 
effects, general equilibrium effects, the specific sample problem and the special care problem. 
Finally, it does not anticipate possible effect due to the scaling up of evaluated intervention 
(Banerjee and Duflo, 2009). 

The BRAC Graduation program evaluated in the six pilots can reveal to which extend the TE is 
context dependent. By exploiting the inter-site TE heterogeneity, the Bayesian Hierarchical 
Modeling can lead to more realistic estimations of the global treatment effect and more precise 
estimates of site-specific TE.  

2 Methodology 
2.1 Data  

I use the dataset from Banerjee et al. (2015) which assesses six of the Graduation pilots launched 
by CGCP and the Ford Foundation. The program is evaluated in Ethiopia, Honduras, Ghana, India, 
Pakistan and Peru. The assessment process is made by Randomized Control Trials either at the 
household level within specific villages or through randomization at both the household and the 
village level. The total sample size is 10,495 households and varies from 925 in Ethiopia up to 
2,606 in Ghana. The randomization procedure was well implemented. Indeed, researchers were not 
able to reject the test for equality of means across aggregate variables, at baseline, between control 
and treatment groups. There is little attrition in the samples, with a participation rate of 94% at the 
end of the program survey and 91% in the follow-up survey a year later. In addition, the compliance 
rate was at its maximum in all sites, except in West Bengal, India. In this pilot, nearly half of the 
selected participants did not participate (35% declined the offer and 13% were not finally  eligible). 
Therefore, the results of the evaluation have to be understood as an “intent-to-treat” (ITT) rather 
than a treatment effect (TE). The details of this evaluation process can be found in the original 
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article: “A multifaced program causes lasting progress for the very poor: Evidence from six 
countries from six countries” by Banerjee et al. (2015).   

All participants from both treatment and control groups were surveyed three times. The first time 
at the baseline, before the start of the program. The second survey took place at Graduation end 
(referred to as ‘end’ in the next pages). The follow-up survey took place a year later (abbreviate by 
‘fup’), around 36 months after the asset transfers. The surveys have collected data at household 
and individual levels, for 50 variables around then thematic: consumption, food security, assets, 
finance, time use, income and revenues, physical health, mental health, political involvement and 
women’s decision-making.  

However, in some countries or surveys, the data was not collected for all variables. If this feature 
is not significantly disrupting for classical aggregate analysis as the one of Banerjee et al. (2015), 
it is particularly problematic in case of hierarchical modeling. Indeed, as it will be developed in the 
next section, BHM needs the information for each variable in each site in order to perform. I, 
therefore, have to drop those variables from the analysis.  

I also compute the thermic indexes, using available variables in all sites in the form of z-scores, 
like in the original article. I compute those thematic indexes by taking the average of the z-score 
values of the variables of each thematic-group for each country and then standardize it using the 
control group within each country and each survey. Many thematic variables are constructed using 
less household or individual variables than the original article. Therefore, my indexes are not 
identical to those of Banerjee et al. (2015). In addition, I can neither construct the Mental Health 
variable for the second survey nor the Women’s Empowerment in the third survey because of 
missing variables. Household and individual variables used to compute thematic variables are 
presented in the table 1 in the annex.  

 

2.2 Hierarchical Modeling 

We should not expect the same treatment effects in different contexts. There is probably some 
heterogeneity in the treatment due to different implementation settings and contextual features, to 
which are added heterogeneity from participants characteristics within each site results. The main 
challenge is to differentiate between these two kinds of variations, something that can be done with 
hierarchical modeling (Dehejia, 2014; Meager, 2015; Bandiera	 et	 al.,	 2016). Indeed, by 
simultaneously considering site-sample variation and dissimilarities in treatment effect across 
studies, hierarchical modeling can evaluate a relationship between each site results and the inter-
site effects of the program. 

On the one hand, when the site-level variance is low, results of hierarchical modeling will be close 
to those of the Full Pooling (FP) model (i.e. when observations are pooled together), meaning that 
the unexplained heterogeneity across sites is low and external validity is high. On the other hand, 
if the approximate value of genuine variation across countries is high, it means little external 
validity. In this case, it will be difficult to extrapolate results in another unstudied context without 
an additional analysis to explain the factors driving the heterogeneity. The question of Full, Partial 
and None pooling models will be discussed in the next section. 
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The heterogeneity parameter can only be evaluated within a hierarchical framework. In addition to 
the intrinsic value of such estimate, the heterogeneity metric will be used within the hierarchical 
modeling to get better estimates of the treatment effect. In fact, information about all site effects 
will be used, to some extent, to infer the local treatment effect of each site. Thus, BHM has two 
important advantages in comparison with the classical pooled methodology. First, it allows the re-
use of available data to analyze the external validity through the question of heterogeneity of impact 
across sites. Second, since a heterogeneity measure can be interpreted as the degree to which each 
site contains information about the aggregate results, it is also used in the inference process of the 
hierarchical modeling by partially pooling the data together.  

The formal linkage between the different levels of the hierarchy will be formally presented below. 
However, the rationale is quite simple. All studies evaluate, in different contexts, a similar program, 
thus, could be informative one to each other to some extent. Using the words of Bandiera et al. in 
an article using BHM, “our beliefs about the treatment effect in any given setting are based not 
only on the results obtained in that setting but on the results in the other n-1 similar settings” (2018, 
18). By formally considering the heterogeneity of treatment effect, BHM may improve the 
inference process in comparison with simple pooled OLS estimation. The interactions between the 
levels in the hierarchy are constructed, partially, through the prior specification of the BHM. The 
point will be detailed in a next section. 

The multi-site Graduation effects can be analyzed using the normal-normal hierarchical model 
(NNHM), also known as the random effect model, which is a widely used framework for meta-
analysis (Röver et al., 2021; Borenstein et al., 2010). This kind of model will treat the estimates 
from the different studies as being from a common normal distribution and will analyze their 
variance with another normal distribution.  

More formally, our model, as well as other Bayesian Hierarchical Models (see Meager, 2016 & 
2019; Bandiera et al., 2016; Vivalt, 2015 & 2020; Hsiang et al., 2013 & 2015) is constructed 
following the relationships presented below (Gelman et al., 2013). The index k is for the site and 𝜏 
represents treatment effect: 

𝜏"#		~	𝑁(𝜏";	𝑠𝑒#"
+)			∀	k,	

𝜏"		~	𝑁(𝜏;	𝜎1		+ )						∀	k.		 	 	 	 	 							eq.	1	

At the site level, site estimated treatment effects (𝜏"#	) are assumed to be normally distributed 
around their true values with a variance estimated by their observed standard deviation around the 
TE (𝑠𝑒#"

+). This makes the link between the data and the studies parameters. Since our six sites have 
been evaluated using RTC technics, we can assume, by the Central Limit Theorem, that the 
estimated treatment effect is indeed normally distributed around its true values.  

At the population level, the true site treatment effect (𝜏k) follows a normal distribution around the 
treatment effect across sites (𝜏) with the variance equal to the treatment effect variability between 
studies (𝜎6+). This the cross-site variance parameter (𝜎6+) represents the variability of the TE across 
sites. Its value can be categorized into 3 classes: it could be zero, infinite, or somewhere in between.  

These three possibilities, named as None, Full and Partial pooling of the data, will drive the 
modeling to distinct directions. The Full Pooling modeling (similar to Banerjee et al., 2015) will 
not differentiate the countries data and assumes that all study-site approximate a common effect. 
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In other words, there is a strong assumption that the heterogeneity across sites is zero and that any 
observed variation in TE comes from intra-study variation (𝑠𝑒"+). At the other extreme, the None 
Pooling (NP) scenario will not try to find any commonality across studies and will see each site as 
totally uninformative in the estimation process of the TE of the other sites. In the former case, no 
information can be shared between countries and no common effect can be approximated. 

Between these two extremes, the Partial Pooling (PP) allows the cross-study estimated 
heterogeneity to be somewhere between zero and infinity. These two extreme models are particular 
cases of our main modeling. The PP modeling has an important consequence since it is “allowing 
for intermediate degrees of pooling, […] makes it possible to aggregate evidence across similar 
but not necessarily identical studies” (Bandiera et al., 2018, 16). 

This rationale can be formalized with the following equation (Gelman and Pardoe, 2006): 

𝐿𝑇𝐸"	=  P. 𝐸(𝜏):;"		+ (1 – P) .  𝜏" 	 	 	 	 			eq. 2 

P represents here the “Pooling factor” (P), the degree to which the estimates are pooled together. 
This metric is 1 - the average across sites of the ratio of the treatment effect variability to the total 
variability (sum of between-study variance and average within-study variance of TE):  

𝑃 = 1 −	
𝜎1+

	𝜎1+ 	+ 		𝐸(𝑠𝑒"+)	
																																																																	eq. 3 

This Pooling factor is an essential feature of BHM. It allows to estimate the global treatment effect 
as well as the local treatment effect while taking into account an approximated measure of 
heterogeneity in program effect across sites (𝜎A+). Bayesian statistics are more adequate to estimate 
GTE (𝜏) and LTE (𝜏") Indeed, BHM makes a joint inference, given the data and the priors, on 
hyper-parameters: GTE and between-study variance. BHM can estimate simultaneously those 
parameters. The joint estimation is crucial due to the correlation across different levels of 
uncertainties: inference on τ and 𝜎A+ depends on estimation of all τk and vise-versa (Betancourt & 
Girolami, 2013). With the Bayesian estimations of the between study variance of treatment 
effect	(𝜎A+), we can differentiate within the total variation across sites how much is only due to 
samples idiosyncratic error	𝐸(𝑠𝑒"+). 

When the NP model cannot estimate a Global Treatment Effect (GTE), the partial and full pooling 
models could have different results over the GTE. Indeed, the latter cannot incorporate the 
heterogeneity of the program effect across countries in its estimates. If there is some heterogeneity 
in the treatment effect across sites, taking it into account will generate more realistic estimates by 
increasing the Credible Interval (CI) on both sides of the TE mean. 

Meager makes a good point about the approximation of the pooling factor: “For those concerned 
about estimating any parameter from a few data points, consider that the alternative is to use zero 
data points and assume the parameter takes a single known value with certainty.” (Meager, 2019, 
67). Indeed, the measure of heterogeneity of treatment across sites is based on the variation of 
treatment effect between each site. When we only have a few different sites, like in this case with 
only six countries, this measure is a rough estimation. This parameter is essential to perform the 
partial pooling modeling discuss above.  
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2.3 Bayesian Statistics 

Frequentist and Bayesian methods approach statistical inferences from opposite standpoint. 
Frequentists see parameters fixed and data as random variable whereas Bayesians consider 
parameters as random and data as fixed. It leads to quite distinct perspectives: when frequentists 
ask, “Given a set of parameter values, how likely is it to obtain the values seen in the data?” 
Bayesians would rather think in the following way: “Given that the data are collected, and the 
experiment will not be repeated, what are the values for the parameters?” (McNeish, 2016, 2). 

Gelman et al. defined Bayesian inference as “the process of fitting a probability model to a set of 
data and summarizing the result by a probability distribution on the parameters of the model and 
on unobserved quantities such as predictions for new observations” (2014, 16). The probability 
model will be constructed using the hierarchical framework with prior specifications and will infer, 
for each variable of interest, a posterior distribution for each country (Local Treatment Effect) as 
well as for the global treatment effect using partial pooling (i.e., considering heterogeneity). 

Frequentist methods can be used in hierarchical modeling. However, Bayesian ones have one 
important advantage. In hierarchical meta-analysis with only a few studies, there is a big issue with 
the approximation of the inter-study variance. Using prior, Bayesian methods allow to reduce the 
uncertainty around this approximation by adding information to help the process of simulation and 
avoid or reduce over-fitting. It is important to note that this process may introduce a bias in the 
estimates. Frequentist hierarchical modeling would have extremely problematic variance-related 
issue. In comparison, a potential bias is a minor problem. In addition, the size of the bias, as well 
as the variance issue, is linked to the informativeness of the prior used.  

Bayesian process needs priors on the distribution of the hyper-parameters (treatment effect and its 
heterogeneity across sites). Two kinds of Bayesian prior are possible: non-informative or 
informative. On the one hand, the first type is data-driven, meaning that the prior does not add any 
essential information since it captures its value from the data itself. It is simple to implement, and 
we do not have to worry about it. On the other hand, informative prior can be particularly useful, 
especially with a small number of studies, to help the inference given some à priori knowledge and 
to avoid over-fitting. Another key point to make is that there is not unique ‘right’ prior: it only 
reflects different beliefs of precondition of the BHM. In any way, we can check afterwards the 
sensitiveness of our results by varying prior specifications. 

The Baye Theorem can be implemented using Markov Chain Monte Carlo (MCMC). It is a process 
of multiple Markov chains which explore, for parameters of interest, the space of possibility given 
the data and the priors provided. Each chain is constructed by a progression of points linked to each 
other by a stochastic jump associated with a probability Accept/Reject rule (Gelman et al., 2014). 
As the chain runs for an extended period, the Markov Chain Monte Carlo estimators satisfy the 
Central Limit Theorem. Thus, MCMC generates joint posterior distribution conditional on the data 
and priors provided. This posterior distribution represents all the information and uncertainty about 
the estimated parameters of interest. Informative priors are quite valuable since they give the 
possibility to drive the process forward in regions researcher believes to be more relevant. 
Therefore, it increases the speed and the convergence of the Markov chains (Meager, 2016). 

One specific MCMC procedure is the Hamiltonian Monte Carlo (HMC) algorithm. Using 
Hamiltonian dynamics of the geometry of the region space of high interest, HMC is more efficient 
than other MCMC algorithms and has higher estimates validity (Betancourt, 2018). As already 
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developed, the BHM creates a potential problem of correlation between different levels of 
uncertainty (site and global levels). Indeed, the inference process for the global parameters is 
dependent on the inferred local parameters of each country, and vice versa. However, the use of 
HMC algorithm succeeds in overcoming this issue (Meager, 2019). With the help of performing 
software as Stan, this method has gained popularity and accessibility. 

To confirm findings, I run four different chains and compare their results. In this regard, the R² 
statistic from Gelman et al. (2014) is a great diagnosis. It allows to see whether an ensemble chain 
starting from different points in the parameter space converges to form similar posterior 
distribution, using each time the same algorithm, data and priors. The MCMC is considered 
convergent and its estimates as valid when the R² does not exceed 1.05; otherwise, the inference 
process is stopped. This statistic represents the output of a joint test for similarities of the different 
posterior distributions computed with 5% error possibility (Betancourt, 2017).  

Briefly, Bayesian methods are perfectly suited to estimate treatment effect in the context of meta-
analysis with only few studies. However, the estimates are sensible to prior distribution 
specification which drives the algorithm in the parameter space during the stochastic process.  

Note that BHM framework requires an important hypothesis to form the joint probability: the 
exchangeability assumption (Gelman et al., 2014). The model must treat the site-specific treatment 
effect as i.i.d. given the global mean of effect and its variance. In other words, we should not have 
additional information about the site treatment effect and its heterogeneity across studies than those 
in the data itself. However, this assumption is not that difficult to fulfill since if we have additional 
information, we can simply add it to the data, in the form of additional level of hierarchy or new 
variables (Bandiera et al., 2018).  

 

2.4 Implementation of BHM for Graduation pilots dataset 

Our main modeling, the Rubin model from Rubin (1981), only considers the reported estimates of 
treatment effects and its standard deviation as inputs in the BHM. Those are found through OLS 
regression of the variable of interest over the treatment status for each country. The hierarchical 
model is constructed as a normal-normal likelihood as developed previously. The first hierarchical 
level assumes that the site-specific estimated treatment effect follows a normal distribution around 
its true value (which should be correct since the studies used RTC) given the site-specific 
approximated standard deviation. The second level supposes that the site-specific true value is 
normally distributed around the general treatment effect across sites given the global variation of 
the treatment effect across sites (which is a widespread practice in the meta-analysis literature, see 
Borenstein et al.(2010)). 

I use the software R for statistical computing and graphics in collaboration with the RStudio 
interface for the main data management and computation of this paper. For Hamiltonian algorithms 
in the Bayesian hierarchical modeling, I use Stan link to RStudio through C++ compiler.  

The process starts by extracting raw data, at individual and household levels, from the Banerjee et 
al. (2015) article in Stata format and formatting it for the present analysis. Alongside visualizing 
some descriptive statistics, I identify several variables used in the original analysis that will be 
problematic. Indeed, using a hierarchical framework, I cannot use a variable if it has not been 
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collected in all sites, especially when working in heterogeneity of treatment effect. I have to drop 
those variables from the BHM analysis.  

To allow comparability between different variables, I present the outcome of this analysis as mean 
standardized treatment effect for both constructed thematic indexes and variables from the original 
surveys. By subtracting the mean of the control group of the same survey from the value of each 
variable, by country, and then dividing it with the standard deviation of the control group still of 
the same survey and country, I transform the dataset into z-scores.  

To perform the Rubin model I first compute, for each observation of each variable, survey and 
country, a linear regression of the z-scored values of the variable of interest over a dummy 
representing the treatment status of the individual or household (i.e., 0 for the control group and 1 
for the treated group). I then take the mean value by site as the estimated treatment effect (τ	C	k) of 
the intervention for the variable of interest. I also store the observed intra-site dispersion of the 
results for each variable and survey (represented by the standard deviation of the regression 
outputs), as the estimated standard deviation of the variable treatment effect by site (𝑠𝑒#"

+). I also 
perform a similar process using the non-standardized values to have a better understanding of the 
treatment effect when looking at each variable separately.  

Using a dataset formed by the τD"	and 𝑠𝑒#"
+ for each variable TE, survey, country, standardized and 

non-standardized, I start the process of Bayesian inference within the hierarchical framework 
discuss above. Since I do not have important prior knowledge of the probable value of the hyper-
parameters and do not want to introduce too much bias in my estimates, I use very weakly 
informative priors (Gelman et al., 2014). The prior on the hyper-mean, the average effect across 
sites, is a normal distribution around a mean of zero and an excessively large variance. This 
structure assumes that “that causal effects should not be thought of as large unless data contains 
evidence to the contrary” (Wiecek, 2021, 7). The prior for the hyper-standard-deviations, the 
variance of effects across groups is uniform law from 0 to 10 time the naive standard deviation of 
across the OLS estimated treatment effect at site level. 

τ ∼ Normal (0; 100) 

𝜎A ∼ Uniform (0; 10.𝜎F)     eq. 4 

For each variable and end line, I estimate the posterior distribution of the global treatment effect 
using the Partial Pooling with the weakly informative prior specification presented. I also perform 
the Full (i.e., hypothesis of zero inter-site TE variance) and None (hypothesis of infinite inter-site 
TE variance) pooling models for comparison. During this process, in addition to the GTE posterior 
distribution, I also store the posterior distribution for each site separately and extract heterogeneity 
measures.  

To have a better understanding of the robustness of my results, I also perform some predictive 
information criterion analysis (Gelman et al., 2013). The fit of the model can be assessed by using 
posterior predictive checks (Rubin, 1981) with the Expected Log Predictive Density (ELPD) for a 
new data point.  

𝐸𝐿𝑃𝐷 = 	𝐸H I𝑙𝑜𝑔		𝑝NOPQ(𝑦S⃛)U = 	∫(	log 	𝑝NOPQ	(𝑦S⃛)	)	𝑓( 𝑦S⃛)	𝑑𝑦  eq. 5 
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Even though several ways are possible to evaluate Bayesian model, one is particularly fit for HBM. 
The leave-one-out cross validation (LOOCV) technic runs multiple BHM and leaving each time 
one site out of the analysis to evaluate the predictive capacity of the posterior distribution found 
over the omitted group (Gelman et al., 2013). The output is a cross-validation information criterion 
(LOOIC): -2 times the ELPD averaged over the K models run. Closer the LOOIC value is to zero, 
better the model fits the data. I use this method to compare the accuracy of GTE estimates by my 
main modeling to its counterpart Full pooling (i.e. which is close to the original article modeling). 

Notice that BHM estimation is extremely RAM intensive. I use a machine of computational 
capacity of 32 cores and 195 gigabytes of RAM, and the calculation took around 15 hours. This is 
due to the simulation algorithm with the settings of the BHM that I use. Indeed, to increase the 
accuracy of the estimates and the convergence of the MCMC chains, I parametrize the algorithm 
with 40 000 iterations by chain, the distance of 0,99 between two points for the stochastic jump 
and the probabilistic Accept/Reject rule and this for four different chains by variable and by 
modeling type.  

 

 

3 Results 
All the following BHM estimates are computed using Rubin modeling developed in the 
methodology part. As explained, with enough input data and iterations, the chain convergence and 
the Bayesian estimates are reliable. Using 40.000 iterations and more than 10.000 observations 
from the Graduation program, all estimates have passed the Gelman R2 test for resemblance of 
different chains’ posterior distribution and can be considered as valid. Estimates are constructed in 
z-score values of the treatment effect in order to make possible comparison between variables. The 
scale of the treatment effect (TE) is thus in standard deviation (SD) from the Control Group (CG). 
I use the non-information priors presented for the Partial Pooling BHM. The term Treatment Effect 
is a language misuse. It would be more appropriate to describe those results as intention-to-treat 
effects of the program. Indeed, as discussed in the data section, the compliance rate of participants 
in India was problematic.  

 

3.1 Full Pooling Bayesian Hierarchical Modeling  
I first compare the outcomes of a frequentist analysis close to Banerjee et al. (2015) and those that 
I find using BHM with Full Pooling (FP). On the Figure 1a below, I present the mean treatment 
effect for both methodologies, with their 50% and 95% confidence or credible intervals for the 
third survey. Similar graphics for the first end line (Figure 1b) as well as for all household and 
individual variables (Figure 1c and Figure 1d) are available in the annex. 
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First of all, frequentist estimates are not the same as the Banerjee et al. (2015) ones. Indeed, due to 
the hierarchical framework, I have to drop all variables that are not collected in all sites whereas 
the original study does not have such preoccupation. Therefore, the thematic variables presented 
here are not exactly constructed as in the original study in order to allow comparability with the 
BHM estimates.  

The Full Pooling Bayesian Hierarchical Modeling sets the global variance parameter at zero. 
Therefore, all τ"# are used to estimate each country TE. The global treatment effect of the 
intervention is nothing more than the mean of each identical site-specific treatment effect. Indeed, 
the prior on the second level of hierarchy stipulates that τ" are normally distributed around τ and 
have no inter-site variance in the setting of the full pooling BHM.  

The difference in treatment effect between frequentist and FP-BHM estimates are not due to 
Bayesian or frequentist approaches – which would have nearly identical outcomes in similar 
settings – but to the modeling hierarchical features and TE heterogeneity across countries, even 
though not yet formally considered.  

Firstly, neither method weights sites in the same way in the GTE estimation procedure.  On the one 
hand, the frequentist methodology, as in Banerjee et al. (2015), makes an OLS regression using all 
observations from all sites and infers a global cross-site treatment effect. On the other hand, the 
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Full Pooling BHM also use all information available but to determine each site treatment effect. 
Afterward, it uses those tk to infer the global treatment effect across sites. Due to the different 
number of observations between sites, the hierarchical feature makes the treatment effect estimates 
different than the simple OLS regression. Indeed, a simple frequentist analysis does not weight the 
global effect in proportion to each site number of observations. Thus, the global estimates are 
constructed in way that overweight site effect which has more observations. The table 2 in annex 
presents sites weighting for both methods and the OLS local treatment effect of the asset index 
variable as example.  

The evaluation samples in Ethiopia and India were much smaller than ones in other countries. Here 
below, the Figure 2a presents the site-specific (τk) treatment effect by thematic index using OLS 
regression between the observation and a treatment status dummy. We can observe that τk for 
ind_fin, asset_index and ind_increv are especially high for small samples. The global effect is thus 
reduced for those variables when using simple pooled regression without weighting. Similar 
graphics, Figure 2b, with estimates a year after the end of the program is in the annex. 

 

Pooled regression without sample size weighting is standard practice in RCT meta-analysis for the 
authors of the original study. However, a sample size correction is useful when considering 
heterogeneity of treatment effects across sites and examining external validity of the TE. Indeed, a 
feature where the global effect is equally driven by all sites is more adequate.  
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Secondly, FP-BHM estimates also differs from simple pooled OLS due to the structure of the 
unexplained residual variance across sites (Meager, 2019). The unexplained residual variance is 
the total variability across group minus the variability due to the differentiated treatment effect 
(𝜎6+). The FP-BHM imposes that 𝜎6+ is zero (as in pooled OLS) but 𝑠𝑒"#

+ has to be identical across 
sites to match result of the pooled OLS. In Figure 2a, we can see that confidence interval of the 
same variable across sites (for example asset_index) does not have the same size. Local treatment 
effect CIs reflects the variability of the treatment effect within each group. Variation of CI size 
across countries are especially important for ind_fin, asset_index and ind_increv variables. On the 
one hand, Pooled OLS supposes 1° zero heterogeneity in treatment effect across and 2° identical 
variance of the treatment effect across sites. On the other hand, FP-BHM only imposes 1° but 
respects the differentiated dispersion of treatment effect within sites.  

The fact that the OLS uses individual level data whereas Rubin BHM FP only uses site-level 
aggregates (τ",# 	𝑠𝑒"#

+) could be seen as a simplification that could lead to a different outcome. 
However, I test the Full Pooling setting of the Full Bayesian Hierarchical Modeling (FBHM), 
which uses individual level data, and leads to very similar results to the ones of Rubin FP-BHM. 
Basic ideas behind FBHM are introduced in the last part of this paper. FP-BHM and pooled OLS 
estimation are two possible methods for estimating GTE without formally taking heterogeneity in 
TE across sites into account. Indeed, in the case of identical intra-site sampling variation (𝑠𝑒"#

+) in 
all sites and groups weighted equally, both procedures would lead to identical results. The 
hierarchical framework is more relevant for the discussion of external validity. 

 

3.2 Partial Pooling Bayesian Hierarchical Modeling  

 
After presenting the rationale behind the Full Pooling BHM and some results, I can introduce the 
Partial-Pooling Bayesian Hierarchical Modeling (PP-BHM). As already developed, it allows to 
consider the heterogeneity in the treatment effect across sites and uses it in its estimations of local 
and global treatment effects.  

In order to determine how much pooling is needed, the PP-BHM evaluates, simultaneously to the 
GTE, the variation between different sites due to treatment effect. If a lot of cross-site heterogeneity 
is detected, the pooling can only be limited. If treatment effects across countries are similar, some 
information can be shared between sites to get estimates more precise. To integrate heterogeneity 
in TE, the PP-BHM needs a pooling metric somewhere 0 (no pooling, i.e. maximum heterogeneity 
in TE) and 1 (full pooling, i.e. no heterogeneity in TE). The Pooling Factor, as define by equation 
3, is 1 minus the proportion of cross-site variability due to treatment effect (𝜎6+) over total 
variability (𝜎6+ + 	𝐸(𝑠𝑒"+)	). Descriptive statistics show the total variability at each site but without 
additional modeling I cannot differentiate idiosyncratic variation	(	𝐸(𝑠𝑒"+)	) from treatment effect 
variability across site (𝜎6+).  

BHM simultaneously estimates hyper-parameters (τ and 𝜎6+). This 𝜎6+	found allows to construct the 
Pooling factor to estimate all local treatment effects using the relation of the equation 2. Hyper-
parameter 𝜎6+	is the more probable value, out of 40 000 simulated trials, given the data collected 
and the set of priors introduced in the BHM. It is found using the Hamiltanian Monte Carlo 
simulation algorithm based on site-level information and restricted with priors on: 1° within-site 
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treatment effect distribution (eq. 1), 2° across sites treatment effect distribution (eq. 1), 3° hyper-
mean distribution (eq. 4) and 4° hyper-standard-deviations distribution (eq. 4).  

The Figure 3a represents the Pooling Factor with its 95% credible interval for thematic variables 
at both end lines. Figures 3b and 3c, in annexe present similar graphs for household and individual 
variables. The higher is the TE heterogeneity across sites, the lower the pooling factor will be and 
thus closer is the PP-BHM LTE estimate to the NP-BHM one. All means of the pooling metrics, 
except three, are below 0.5 which indicates that variance across studies dominates variation within 
studies. The 95% credible intervals are extremely large for variables with higher pooling factor 
means. This last feature is due to the low number of sites. Indeed, it is difficult to estimate the TE 
variation across sites when those variations are quite low, relative to total variation, and only 
dispose of a few sites in the analysis. On the contrary, ind_fin and asset_index presents important 
disparities, relative to the total variation, across places and thus can be estimated with more 
precision.  

 

CIs are very wide for most of the variables. This is one of the main objections against BHM: the 
need to estimate the pooling factor from only a few points. Indeed, the estimation is based on the 
variation of the TE across only six studies and, thus, cannot be precise. However, the only 
alternative to estimate the GTE is to suppose this parameter at zero as in a cross-site pooled 
regression. 

Table n°3 presents the pooling factors’ mean across indexes for thematic, household and individual 
variables. It can be interpreted as the global treatment effect heterogeneity of the program across 
countries. Overall, the Partial Pooling BHM is essentially based on site-specific data for the LTE 
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estimation rather than pooling sites information together. Thus, GTE estimates will have higher 
credible intervals. 

        
Table 3: Pooling metric across variables 
        
  Lower CI Mean Higher CI 
Thematic level 3,48% 26,36% 60,31% 
Household level 4,39% 31,41% 70,30% 
Individual level 7,09% 43,66% 80,52% 

 

3.3 Local Treatment Effects 

When looking at LTE estimates of PP-BHM and NP-BHM at the Figure 4a to Figure 4c in annex, 
we can observe that the LTE estimates of those two modeling are close one to each other. The PP-
BHM uses the inter-site heterogeneity measure as parameters of how much it could use information 
about the K-1 sites to help the inference in the site k. Since heterogeneity is quite important between 
the treatment effect of each site, the PP-BHM does not pool much information thus LTE estimates 
are close to the NP-BHM. As explained in the methodology section, the NP-BHM considers that 
the inter-site variability tends toward infinity. In other words, contexts and implementation 
characteristics differ so much that no information can be pooled. Therefore, LTE are estimated 
only using site observations. To see the effect of PP-BHM on the LTE, the next graph presents the 
difference between its estimates (and credible intervals) and those from the NP-BHM for thematic 
variables at the second end line (the first one is in the Figure 5b in annex).  
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The rationale behind the correction that the PP-BHM operated is quite simple. For example, the 
previous graphic presents an important correction for the index_time LTE estimate of Ethiopia in 
the third survey with -0.075 standard deviations from the control group in comparison with NP-
BHM estimate. The Bayesian simulation process makes two estimation simultaneously. It 
evaluates, using its hierarchical feature, that index_time has a relatively low heterogeneity across 
sites. And, at the same time, uses this measure of variability to pool, to some extent, the observation 
of this variable to estimate the LTE. For index_time at fup, observations in Ethiopia present 
important TE whereas other all other sites show much lower TE with low variability between them 
(see  Figure	6a.	12:	 index_time_fup). The PP-BHM estimate of LTE for this variable is thus 
reduced for Ethiopia where it is increased for Peru in comparison with NP-BHM. The scale of the 
correction is proportional to the observed heterogeneity across sites.  
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The NP-BHM estimates are thus better for analyzing the LTE when considering that the contexts 
between sites are too different to be informational one to each other -which is always the case to 
some extent-. Therefore, NP-BHM cannot produce GTE estimates. PP-BHM can estimate global 
treatment effect as well as the FP-BHM. The former tries to take the observed cross-site 
heterogeneity into account in its LTE and GTE estimates whereas the latter does not take it into 
account at all.  

The Figure 7a above presents PP estimates for all thematic variables in comparison with NP for 
Local Treatment Effect and with FP for Global Treatment Effect (a similar graph for the first end 
line is in annex Figure 7b). Figure 7a well represents the process of meta-analysis: trying to find 
trends from a multitude of different categories - in terms of hierarchical levels, kind of variables 
and type of modeling - of information. For a variable-by-variable estimation of GTE and LTE using 
NP, PP and FP see Figures 6a for thematic variables and Figures 6b for household and individual 
level variables.   

The two main trends developed can be easily seen in this figure. First, LTE estimations of PP and 
NP are very close ones to each other's due to low PP correction of estimates. Second, GTE from 
the PP present much wider credible intervals than those of the FP estimation procedure. The former 
point is discussed in the next sub-section.  

 

3.4 Global Treatment Effects 

The Figures 8a and 8b present the GTE of thematic variable TE for the PP-BHM as well as FP-
BHM at both end lines respectively. Figures 8c and 8d in annex present similar graphics for 
household and individual level variables. 
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By taking some measure of LTE heterogeneity across sites into account and use it in its estimates, 
the PP-BHM finds slightly higher means of GTE across thematic indexes. But the interesting part 
is that the credible intervals increased for all variables and exploded for variables with high cross-
site heterogeneity (mainly ind_increv, ind_fin and asset_index). This result was expected and 
shows the mean feature of the PP-BHM: by considering heterogeneity in the LTE across sites, it 
increases the uncertainty around the global treatment effect mean in comparison with FP. 

At Global Treatment Effect level, FP-BHM estimates will have smaller credible intervals than PP. 
Indeed, as the pooling factor increases, more information is shared between studies which increases 
the preciseness of the GTE estimates. In addition, as the pooling factor increases, more the Local 
Treatment Estimates CI of PP BHM will be reduced in comparison with None Pooling BHM.  

In our case, there is too much heterogeneity in treatment effect across countries in proportion to 
total variability across sites to pool much information for most of the variables. Thus, CI will 
necessarily increase in comparison with the extreme case where we consider each site equally 
informative to another site treatment effect (i.e. pooling = 1). The interesting part is the size of the 
increase.  

This feature has important consequences. Using the PP estimations, the GTE of the Graduation 
program is not statistically significative different to zero (SSDZ), at 95%, for 7 of the 9 thematic 
variables two years after the end of the program. Whereas only the GTE of index_health increased 
is not considered as statistically significant in the FP approach. In the shorter term, a year after the 
end of the intervention, the Figure 8b presents a similar pattern but Partial Pooling TE estimates of 
index_foodsecurity, index_ctotal and asset_index are SSDZ at 95% whereas all are statistically 
significant using FP. In the annex, Figures 8c and 8d are similar graphs for all individual and 
household, one and two years after the end of the program, respectively.  

For variables with relatively low approximated heterogeneity of LTE (index_time, index_political, 
index_health, index_foodsecurity and index_mental), the means GTE estimated are close to the 
simple pooled OLS regression estimates. However, their 95% credible intervals still double in 
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comparison. Across those, only index_foodsecurity remains SSDZ, for the third survey, at 95%. In 
the context of the BRAC Graduation program those variables can be seen as capturing the indirect 
effect of the intervention. Indeed, the multifaced program does not provide directly food, medicine 
or psychological therapy but rather emphasizes on the livelihood approach by delivering capital 
transfers, training, consumption support, saving encouragements, etc. Effects of those interventions 
can be better captured by the other set of variables. Indeed, ind_increv, ind_fin, asset_index, and 
to some extent, index_ctotal display more important estimated GTE means using PP-BHM. 
However, those estimates also present massive 95% CI which includes zero TE for many. Among 
those, a year after the end of the program, only TE for index_ctotal as well as asset_index are SSDZ 
at 95%. A years later, only the GTE increased of ind_increv is statistically significant at this level 
whereas the effect on asset_index and index_ctotal are not. 

In a nutshell, even if GTE means of thematic variables are similar in PP and FP, statistically 
informative conclusions widely differ. The Pooling factor of the PP modeling is only a rough 
approximation of the cross-site heterogeneity due to the low number of sites in the analysis. 
However, is it more erroneous to estimate it with only six different group or to assume it is zero? 
To answer this crucial question, I conduct cross predictive checks using Leave-One-Out Cross 
Validation (LOOCV) technic for PP and FP modelings.  

This procedure allows to have some idea of the extrapolating power or external validity of our 
global estimates. Indeed, LOOCV runs 6 times the model, leaving one site excluded at the time 
and uses the six Expected Log Predictive Density (ELDP) to check how well it matches with the 
actual treatment effect of the excluded group. As developed in the methodology part of the paper, 
the Leave-One-Out Information Criteria (LOOIC) is -2 times the average ELPD across the 6 
models run. The closer the measure to zero, the better the model. The next table presents the LOOIC 
of thematic variables for both models.  

 

          
Table 4 : LOOIC comparison PP to FP 
  

  
End Fup 

PP-LOOIC FP-LOOIC PP-LOOIC FP-LOOIC 
index_ctotal -4,10 0,10 3,06 19,18 
index_foodsecurity -10,09 -11,52 -6,41 -7,96 
asset_index 5,47 79,85 8,44 155,53 
ind_fin 119,52 320,66 14,67 50,95 
index_time -0,85 24,23 -6,72 -7,84 
ind_increv 26,35 49,63 8,18 16,68 
index_health -3,18 3,20 -16,31 -18,31 
index_political -6,32 3,70 -9,75 -6,48 
index_women -9,27 -10,31 / 
index_mental / -9,39 -10,40 

 



	 23	

The LOOIC points out that PP-BHM has, overall, a better predictive capacity. For three thematic 
variables (index_ctotal_end, index_political_end and index_political_fup), the full pooling 
modeling over-performs its partial counterpart by a relatively small amount. For four other 
variables (ind_fin_end, ind_increv_end, asset_index_fup ad ind_fin_fup), the PP-BHM has 
drastically better estimates. For the other variables, the partial pooling modeling is more accurate. 
It is also important to highlight that LOOIC’s measures of both models are quite substantial which 
indicates a limited external validity. In other words, both models still face difficulties to properly 
predict the LTE distribution density in a site using only other sites’ data.  

Those results can be easily linked to CI of the pooling metric in Figure 3a. When the heterogeneity 
across sites is estimated with preciseness (i.e., have small CI), Partial Pooling BHM drastically 
outperforms Full Pooling BHM. Indeed, as long as the Pooling factor is correctly estimated, PP 
estimations will always be better than FP. The next table presents means and sums, for thematic 
variables as well as household and individual, of the LOOIC measure across variables. 

          
Table 5: LOOIC across variables comparison PP and FP   
          

  
Average Sum 

PP - LOOIC FP - LOOIC PP - LOOIC FP - LOOIC 
Thematic 5,74 36,16 103,30 650,89 
Household -0,82 26,16 -23,92 758,65 
Individual -7,75 8,81 -170,46 193,80 

The sums of the prediction errors across thematic indexes are more than six times higher for the 
FP-BHM. This result is driven by the household level variable with a measure of 758 whereas the 
PP-BHM presents a value of only -23.9. Individual-level variables LTE are more difficult to predict 
for both models. On average, the PP-BHM outperforms the FP-BHM across indexes and 
particularly for household and thematic level variables. The LOOIC tables 4b and 4c, for household 
and individual level variable, are in the annex. 

Based on that information, we can conclude that the heterogeneity across sites TE captured by the 
PP-BHM plays an important role. The LOOCV procedure examines how well the GTE generated 
by five of the six sites can correctly predict LTE of the omitted site. The heterogeneity in treatment 
effect across sites is therefore an important issue when extrapolating about a common global 
treatment effect. Differences between PP and FP LOOIC’ measures reflect the scale of the 
extrapolation error that can be reduced by Partial Pooling Bayesian Hierarchical Modeling.  

4. Discussion 
The estimates of GTE using Partial Pooling Bayesian Hierarchical framework highlight the 
importance of taking the inter-site variability of the program treatment effect into account. The 
credible intervals are much wider than the confidence intervals of the pooled OLS estimates for all 
variables. Only two TE estimates remain statistically significative different than zero two years 
after the end of the intervention. Mean effects are, on the contrary, slightly higher than those found 
using the classic aggregation technic. However, the estimation of the cross-site heterogeneity is 
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only a rough approximation of the true inter-study TE variability. Indeed, the LOOIC measure 
demonstrates that some variables are better estimated using FP-BHM. Overall PP-BHM has more 
accurate estimates of the aggregate program effects across variables. 

Context does matter in the effectiveness of the intervention of some variables and by a significative 
amount (e.g., see the huge increases of CI from FP to PP in Figure 8a and 8b). The heterogeneity 
measures estimated are higher for inter-site than for within-site variability levels in almost all 
variables. It indicates that context information is at least as important as the individual level 
information to explain the difference of effectiveness of the intervention. 

By integrating site-level information into the BHM in the form of covariables, it will improve the 
understanding of the variability of the GTE of the intervention. For example, we could take into 
account the value of the asset transfer for each site in our BHM, which varies from 3.75 for Pakistan 
to 17.14 for Peru, both in terms of local goat prices. By assimilating this context information into 
the PP-BHM, we could have a better insight of the importance of the asset transfer scale in the 
treatment effect of the intervention. Using similar models to Meager (2019), M covariates (such as 
asset transfer value, number of visits or consumption support value), regrouped in a vector Wk, will 
have predictive power over the variation of TE. 𝛽 is the M-dimensional vector of coefficients which 
predicts the variation in LTE for each site. Such model would have the following structure: 

𝜏̂"	~𝑁(𝜏", 𝑠𝑒#"
+)																					∀k 

𝜏"	~𝑁^(𝜏 +𝑊"𝛽"), 𝜎1`				∀k                                eq. 6 

Bayesian Hierarchical Modeling frameworks are also perfectly fit to take into account additional 
information at observational level. Whereas the Rubin framework is only Bayesian at the second 
level of hierarchy (i.e. the simulation procedure is performed using treatment effect at site level), 
the ‘Full’ Bayesian model can integrate individual-level covariates. For an implementation of such 
model see Meager (2019) who uses it to explain the heterogeneity in TE of a microcredit access 
extension by subgrouping observations with household-level information.  

By understanding the reason behind heterogeneity in TE, such an analysis can drastically reduce 
the credible interval around the GTE mean conditional of contextual or observation level 
covariates. Thus, the external validity could be ameliorated. By pointing out some important 
characteristics that drive the TE above or below its mean effect on studied site, predictions of 
treatment effect in another location can be made with more confidence only by analyzing those 
features.  

I have highlighted the importance of taking into account the inter-site heterogeneity in the 
estimation of Global Treatment Effect means and credible intervals of the BRAC Graduation pilot 
project. However, much more can be done using these experiments to understand what drives the 
success of the Graduation approach and what does not. Bayesian Hierarchical Modeling with 
integration of contextual and household/individual characteristics is a key framework to address 
this issue. A similar analysis, by Andrew Gelman, Dean Karlan, Chris Udry, Racheal Meager and 
Witold Wiecek, is in progress. I have no doubt about the potential of their findings and look forward 
to reading their future study: “A Multifaceted Approach to Poverty Alleviation in Six Countries: A 
Bayesian Hierarchical Analysis of the Graduation Program”.  
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5. Conclusion 
My analysis contrast with the original estimates of Banerjee et al. (2015). These authors present 
six site-specific analyses and a pooled analysis. The goal of the analyzed pilots is to understand 
how replicable the BRAC Graduation program success is across contexts. If such program were to 
be implemented somewhere else, would it succeed, and if it does succeed, to what extent? Since 
the context, the program, the implementation, the people involved, etc, widely differ from one place 
to another, the treatment effect has to be heterogeneous across sites. Therefore, site-specific TE 
have limited external validity and the pooled OLS is computed using a misleading hypothesis of 
zero TE heterogeneity across sites. There is no clear answer to the problematic of which OLS 
estimates (site level or pooled) should inform policies about the Graduation treatment effect in 
another unstudied site. The PP-BHM allows to mixt those two approaches by estimating the 
variability of treatment effect across sites and using this estimation to improve inference on LTE 
and GTE.  

Thus, the PP-BHM is a compromise between the two approaches used by Banerjee et al. (2015). 
The approximation of the TE heterogeneity is particularly difficult with only six groups and 
estimates should be interpreted with caution. However, this approximation allows a middle ground 
between hypothesis of null and infinite heterogeneity in TE across sites. In addition, the PP-BHM 
can provide results that are identical to OLS estimation of LTE and GTE, depending on the 
estimation of the TE heterogeneity across contexts. The data itself determines the choice of pooling. 
In other words, the data determines how much external validity there is.  

A joint estimation of the average impact and heterogeneity across the six pilots BRAC Graduation 
program suggests that statistically significative impacts are not as certain as estimated by Banerjee 
et al. (2015). Across the main variables, only approximately 26 percent of observed variability is 
in fact sampling variation. Overall, the analysis of the intervention has limited external validity. 
The TE heterogeneity across contexts is stronger for the aspects that are the most impacted by the 
program.  

The methodology also has some drawbacks. Indeed, it is particularly difficult to implement in 
comparison with OLS estimations. The pooling factor is only a rough approximation of the real 
treatment effect variability, in particular with only six sites. In addition, it cannot incorporate into 
the analysis the variables that are not collected in all sites. However, the benefits of the model 
exceed the limitations. First, a hierarchical structure respects the structure of the data. Second, only 
BHM can simultaneously estimate both the mean effect across sites and its probable variability. 
Thus, it allows to partially pool site information together and it provides more precise estimates of 
LTE and realistic estimations of GTE. 

By highlighting the TE heterogeneity across sites, BHM estimates reveal the uncertainty around 
the probable effect of the program in another location. This uncertainty is important. However, 
BHM allows the integration of covariates which can potentially reduce the uncertainty of treatment 
effect conditional on those characteristics introduced. Indeed, much more can be done within BHM 
framework by using contextual and individual level information to further improve inference and 
external validity.  
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Table 0 : Abbreviations  

 

BHM  Bayesian Hierarchical Modeling 

CG  Control Group 

CI  Credible Interval 

ELPD  Expected Log Predictive Density 

FBHM  Full Bayesian Hierarchical Modeling 

FP  Full Pooling 

GTE  Global Treatment Effect 

HMC  Hamiltonian Monte Carlo 

IPA  Innovation for Poverty Action 

ITT  Intention-to-treat 

LOOCV Leave-One-Out Cross Validation 

LOOIC Leave-One-Out Information Criterion 

LTE  Local Treatment Effect 

MCMC Markov Chain Monte Carlo 

NNHM Normal-Normal Hierarchical Model 

NP  None Pooling 

OLS   Ordinary Least Squares 

PP  Partial Pooling 

RCT   Randomized Control Trials 

SD  Standard Deviation 

SSDZ  Statistically Significative Different to Zero 

TE  Treatment Effect 
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Table 1: Thematic variables composition 

Thematic variables Household and individual variables  

Consumption (Index_ctotal): 

Total consumption per capita per month, 
standardized 

Food purchase (cfood_pcmonth), non-food purchase (cnonfood_pcmonth) 
and durable good purchase (cdurable_pcmonth), all per capita per month.  

Food Security (index_foodsecurity): 

Everyone gets enough food everyday 

No adult skips meal (fs_adultskip), no one went a whole day without food 
(fs_wholeday), no child skipped meal (fs_childskip)  

*Miss 1 variable 

Assets (asset_index) 

Total relative value of all assets 

Productive assets (asset_prod_index) and of household assets 
(asset_hh_index) 

Financial Inclusion (Ind_fin) Total amount deposited into savings (loan_totalamt), both formal and 
informal 

 *Miss 2 variables 

Time spent working (index_time) 

Total time spent working 

Time spent on: agriculture (time_agri), livestock(time_animals), business 
(time_business) and paid work (time_paidlabor) 

Income and Revenue (ind_increv) Revenues from livestock (raminals_month), income from agriculture 
(iagri_month), income from business (ibusiness_month), income from paid 
work(ipaidlabor_month) 

*Miss 1 variable 

Physical Health (index_health) Activities of daily living scores(dailyliving_score) and adult has not missed 
work due to illness (dday_nomiss).  

*Miss 1 variable 

Mental Health (index_mental) Index of lack of symptoms of emotional distress (index_stress) and self-
perception of life (percep_life) 

 *Miss 1 variable 

Political Involvement (index_political) Voted in last election (pol_vote) 

 *Miss 3 variables 

Women's Empowerment  

 (index_women) 

Female has the last word on food-related spending decisions 
(dec_food_major), education expenditures (dec_educ_major) and health-
related expenditures (dec_health_major) 

 *Miss 2 variables 
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Figure 1: Global Treatment Effect – OLS and Full Pooling Hierarchical Modeling 
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Table 2: Observations and weighting across sites 

 

Figure 2: Local Treatment Effect – OLS estimates 

 

 

 Ethiopia Ghana Honduras India Pakistan Peru 

Number of observation 

Weighting in pooled OLS 

Weighting in Hierarchical 

925 

8.81% 

16.66% 

2606 

24.9% 

16.66% 

2403 

22.89% 

16.66% 

978 

9.37% 

16.66% 

1299 

12.37% 

16.66% 

2284 

21.76% 

16.66% 

E.g.: Local OLS estimated 
TE of asset_index_fup 

0.6035 0.3421 -0.0955 0.7122 0.1696 0.0595 
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Figure 3: Pooling Factor  
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Figure 4 : Local Treatment Effect of thematic variables using FP-BHM or PP-BHM 

 

 



	 39	

 

 



	 40	

Figure 5: Difference between LTE estimates of PP-BHM and FP-BHM 
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Figure 6a: Global and Local Treatment effect pooling comparison for thematic variables 
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Figure 6b: Global and Local Treatment effect pooling comparison for household and 
individual variables 
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Figure 7: GTE and LTE estimates - pooling comparison  
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Figure 8: Global Treatment Effect – Full and Partial BHM estimates comparison 
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Tables 4: Leave-one-out-information-criteria comparison PP to FP 

 

      
Table 4b : Looic comparison PP to FP 
      
Individual variables PP-LOOIC FP-LOOIC 
index_health_end   -2,80 4,38 
ddays_nomiss_end -1,51 -1,21 
time_work_end        0,85 50,47 
time_agri_end    -13,55 -14,35 
time_animals_end      22,73 267,13 
time_business_end       -11,98 -14,50 
time_paidlabor_end   -15,08 -15,26 
index_political_end      -4,94 25,16 
index_women_end   -11,31 -12,89 
dec_food_major_end -8,11 -7,89 
dec_educ_major_end    -8,78 -10,75 
dec_health_major_end  -10,18 -12,45 
index_health_fup       -20,50 -22,43 
ddays_nomiss_fup        -18,77 -21,16 
index_mentalhealth_fup   -9,01 -9,44 
percep_life_fup      -13,25 -13,38 
time_work_fup          -7,43 -8,42 
time_agri_fup       -17,23 -19,40 
time_animals_fup    13,13 51,36 
time_business_fup    -15,48 -17,56 
time_paidlabor_fup    -11,20 -10,62 
index_political_fup    -6,06 7,02 
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Table 4c:  Looic comparison PP to FP 
      
Household variables PP-LOOIC FP-LOOIC 
asset_index_end  6,49 95,06 
asset_prod_index_end 6,54 96,09 
asset_hh_index_end  -13,62 -14,85 
iagri_month_end  -7,29 -8,18 
ibusiness_month_end   0,99 0,97 
ranimals_month_end   25,03 283,52 
ctotal_pcmonth_end -1,52 12,29 
cnonfood_pcmonth_end   1,63 18,44 
cfood_pcmonth_end        1,88 -0,43 
cdurable_pcmonth_end   -5,10 -3,57 
index_foodsecurity_end  -4,03 -3,30 
fs_adultskip_end    -0,78 1,11 
fs_wholeday_end    0,36 -0,61 
fs_childskip_end   -13,82 -15,56 
loan_totalamt_end   -5,28 -7,24 
asset_index_fup       8,94 152,81 
asset_prod_index_fup 8,58 133,80 
asset_hh_index_fup    1,03 17,12 
ipaidlabor_month_fup  -13,67 -16,35 
ranimals_month_fup       16,03 39,21 
ctotal_pcmonth_fup   -1,37 4,53 
cnonfood_pcmonth_fup -0,69 0,54 
cfood_pcmonth_fup     -8,21 -7,32 
cdurable_pcmonth_fup    4,73 -2,11 
index_foodsecurity_fup  -4,39 2,28 
fs_adultskip_fup         -4,68 -1,40 
fs_wholeday_fup    -10,35 -11,38 
fs_childskip_fup      -10,91 -11,40 
loan_totalamt_fup   -0,46 4,59 

 

 

 

 

 

 


