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Abstract 

  This thesis analyzes heterogeneous treatment effects of a comprehensive anti-poverty 
program in Ghana in comparison to a program that only encourages saving and a program that 
only provides an asset grant.  
  Specifically, I analyze treatment effects of the programs on quantiles of a variety of 
economic and non-economic well-being outcomes. I find that the comprehensive program’s 
additional support is often crucial to produce positive effects—and sometimes to avoid negative 
effects—on individual quantiles. While a previous paper showed that the average effects of an 
asset grant were primarily neutral, my analysis shows that this often masks substantial negative 
effects on some quantiles, in some cases on the poorest households. Furthermore, while a 
previous paper illustrates that on average in the long run the savings program just increases 
savings, not other indicators, I demonstrate that this program does impact other indicators on 
specific parts of their distribution.  
  Next, I investigate whether baseline physical and mental health interact with the 
programs to affect economic and non-economic indices. I find evidence that physical and mental 
health play a significant and substantial role in the programs’ effectiveness. These impacts vary 
for different programs, outcomes, and endlines; in some cases, programs help those with poorer 
health more, and in other cases I find the opposite. 
  Overall, this thesis illustrates the importance of examining heterogeneous treatment 
effects, not just average effects, of anti-poverty programs in order to best help—and not harm—
recipients. I demonstrate that more research is necessary on how physical and mental health 
mediate the effects of anti-poverty programs.  
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1 Introduction 

  In a world where aggregate wealth grows by almost 5% each year and where enough 

food is produced to feed everyone, about 10% percent of people live in extreme poverty—having 

to survive on less than $1.90 per day—and an equal share are undernourished (Credit Suisse, 

2018; FAO, 2009; World Bank, 2019). Extreme poverty, while present in every country, is a 

particular problem for Sub-Saharan Africa, which not only currently has more than half of the 

world’s extreme poor but is projected to be home to more than 90% of them by 2030 (World 

Bank, 2019).  

 This continued presence of dire poverty is simply unacceptable. To analyze how the 

problem can be addressed more effectively, a number of studies have evaluated the outcomes of 

anti-poverty programs in developing countries, especially in Sub-Saharan Africa, with the 

implicit goal of designing and implementing the best programs on a wider scale.  

 This thesis contributes to this body of literature by analyzing a comprehensive program, 

Graduating from Ultra-Poverty (GUP), that has been shown to be successful in some areas on 

average and asking the question, “For whom is the program most and least successful, and 

why?” The overarching goal is to identify groups that benefit from the program, so that similar 

groups can continue to receive it, and identify groups that benefit less from the program, so that 

work can be done to design more successful programs for these groups. Without careful 

assessment of possible heterogeneous impacts, anti-poverty programs risk unknowingly leaving 

behind particular groups.    

Specifically, this thesis analyzes possible heterogeneous effects in the GUP program in 

comparison to two less comprehensive programs. I first analyze the effects of these programs on 

different quantiles of a variety of economic and non-economic well-being indices. Then, to better 
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understand what drives these results, I examine program effects on different quantiles of the 

indices’ components. And finally, I explore interaction effects between individuals’ mental and 

physical health and the program they received. To differentiate between short-term and sustained 

impacts, in each analysis I consider both data from directly after the programs ended and data 

from a later follow-up survey. 

2 Literature Review 

2.1 Studies of Anti-Poverty Programs 

In recent years, a multitude of studies have investigated the impacts of various anti-

poverty programs for the ultra-poor, including asset grants, access to savings accounts, and 

coaching or training. The goal of the interventions is, generally speaking, to increase income or 

consumption not only during the program, but also several years later. However, the results of 

such individual programs have been mixed. Dupas et al. (2017) showed that access to savings 

accounts does not have a large impact on the overall study population (in Uganda, Malawi, and 

Chile) or on any particular occupation or gender (tested in Uganda and Malawi). Informal 

savings groups have similarly small impacts, with some improvements in business outcomes and 

women’s empowerment but not on other economic measures (Karlan et al. 2017).  

The impact of cash grants, both conditional and unconditional, has been somewhat better. 

For example, Progresa, a conditional cash transfer program in Mexico, stimulated consumption 

in the long term by increasing investment (Gertler, Martinez, and Rudio-Cordina 2012). The 

researchers also tested for heterogeneous treatment effects based on head of household age and 

education, and distance to an urban center. The unconditional cash transfer program 

GiveDirectly successfully increased consumption of recipients in Kenya even after transfers 

ended, but the effect did not persist (Haushofer and Shapiro 2016). Two programs in Uganda that 
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provided both cash transfers and various handholding and nudges found larger and longer lasting 

effects than Progresa and GiveDirectly (Blattman, Fiala, and Martinez 2014; Blattman et al. 

2016). However, it is unclear whether the larger, durable effects were simply because of 

locational differences or because of the added coaching and nudges.  

2.2 Studies of Graduating from Ultra-Poverty (GUP) Programs 
 

One of the most successful programs seems to have been the international nonprofit 

BRAC’s “Graduating from Ultra-Poverty” (GUP) program, in which participants receive an asset 

(commonly livestock), coaching, short-term cash transfers for consumption, and, in some cases, 

savings collection services (Banerjee et al. 2015). The program was tested in six countries and 

improved earnings, consumption, and other well-being indicators both when the 2-year 

intervention ended and at a follow-up one year later. Bandiera et al. (2017) conducted a similar 

study in Bangladesh with comparable results. A follow-up was conducted seven years later in 

Bangladesh and India and demonstrated sustained effects. Unlike many other programs, the GUP 

programs specifically target the ultra-poor.  

To investigate whether complementarities between the facets of the program helped drive 

the effects, Banerjee et al. (2018) compared the comprehensive GUP program at the Ghana site 

to two programs that included only some of its components. One program, Saving Out of Ultra-

Poverty (SOUP), included only access to a savings account and related services, and the other, 

which I term Asset-Only, included only an asset transfer. Researchers found that GUP in Ghana 

significantly improved consumption, asset value, financial inclusion and income when the two-

year study ended and one year later. SOUP had somewhat similar effects as GUP after two years, 

but most effects diminish after three years. Asset-Only had no effect on any of the economic 
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indices after two or after three years; it had a negative and significant effect on mental health 

after two and three years and a positive effect on time at work at two years.  

2.3 Contributions to Existing Literature 
 
 Given the evidence that a multifaceted program achieves success through 

complementarity, this thesis will use data from Banerjee et al. (2018) to focus on heterogeneous 

treatment effects, which were not explored in the original paper. An important theoretical 

question in development economics is the poverty trap: the hypothesis that poverty is a self-

reinforcing cycle that is difficult to escape without outside intervention, but that for people at 

certain levels of income, a small intervention may have disproportionately large positive effects. 

For example, given the unusually large effect of GUP on income at the two and three-year 

marks, a poverty trap may be plausible here. Investigating if a particular income subgroup is 

driving these effects can help test for the existence of a poverty trap in this particular context and 

make an informative contribution from a theoretical standpoint. It is possible that GUP was 

sufficient to help the relatively "higher" (although still poor) income group start or expand a 

business and start moving out of a poverty trap, but it was not sufficient for lower income 

groups. Identifying any subgroups that potentially benefit most from the program may be helpful 

so that individuals can be targeted with the most effective programs. More generally, identifying 

the characteristics of those who benefit most and least will increase the understanding of the 

economics of poverty.  

 With the exception of Banerjee et al. (2015) and Bandiera et al. (2017), none of the 

discussed studies include heterogeneous treatment effects focused on differentiation among 

economic or physical/mental health variables. Banerjee et al. (2015), the six-country study, 

conducted some heterogeneous treatment effects analysis focused on quantile treatment effects at 
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the 10th, 25th, 50th, 75th, and 90th quantiles on ten economic and non-economic household 

indicators.  Their results are as follows: 

“We see positive and significant impacts on income, consumption, and assets, at all tested 

quantiles. This is encouraging, in that it shows that the program did not push the poorest 

toward an activity that they did not have the means to manage successfully. Second, for 

the other variables, the pattern of results is what standard theory would predict. For 

example, we see impacts on food security only toward the bottom (at the 25th percentile): 

Those are the households that frequently miss meals and thus likely use any income gains 

to buy more food. On the other hand, we see impacts on financial inclusion only for the 

top quantiles (median and above at both endlines): If either access to credit or savings 

requires meeting some threshold of resources, the poorest of the poor may not have met 

that threshold even with the program. Third, the effects on consumption per capita and 

the income and revenues index are all increasing with the quantiles: for example, at 

endline 1, the 10th percentile of consumption (income and revenue index) increases by 

0.027 SD (0.005 SD), whereas the 90th percentile increases by 0.491 SD (0.079 SD). 

Finally, we do see much larger asset growth at higher quantiles (0.038 SD for the 10th 

quantile versus 0.357 for the 90th quantile)” (Banerjee et al. 2015).  

Researchers did not show whether the difference in treatment effects between quantiles was 

statistically significant. Additionally, while quantile treatment effects are important because they 

assess how the distribution of a variable is affected by the treatment, it is also important to 

understand any interaction effects between treatment and a specific variable, such as 

physical/mental health, on the remaining variables. Bandiera et al. (2017) estimates quantile 

treatment effects for consumption expenditure, household asset value, savings, and value of 
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productive assets subgroups and outcomes. They found that higher centiles show larger impacts 

of the program, “with the effect on the 5th centile being roughly one tenth that at the 95th 

centile” (Bandiera et al. 2017, 841). The context is limited to Bangladesh.  

Building upon this literature, this thesis makes a different contribution in several 

important ways. First, the focus is on comparing heterogeneous effects in the GUP program to 

effects in the asset-transfer and savings-only programs. Different interventions may be most 

effective for different subgroups. Second, I analyze heterogeneous treatment effects for a variety 

of outcomes, including income, consumption, and asset indices, and non-economic indices, 

including female empowerment, food security, health, political involvement, and time at work. 

Given the GUP’s significant impact on economic indices and lack of impact on non-economic 

indices, it may be valuable to see whether there are significant effects for a particular subgroup 

that are being masked by other groups. I then “unpack” the indices and identify what components 

drive the differentiation. Thirdly, while the above two papers conduct quantile treatment effect 

analysis, I also examine interaction effects between physical/mental health indices and the 

various treatments. There is evidence to motivate this grouping. Drawing on research that mental 

health is an issue for the ultra-poor (Sipsma et al. 2013) and that pairing cash transfers with 

cognitive behavioral therapy leads to higher income (Blattman, Jamison, and Sheridan 2015), 

Banerjee et al. (2018) suggests that “perhaps those with poor mental health are not able to 

embrace the program fully” (11). One theory is that asset-only and savings-only programs may 

have been sufficient to help those with better physical and mental health, while those who 

struggled with health may have benefited significantly only from GUP, which also included 

behavioral nudges. 

3 Data 
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3.1 Banerjee et al. (2018) 

3.1.1 Experimental Design  
 

The data in this thesis is from a study conducted for a 2018 paper by Banerjee et al., 

“Unpacking a Multi-Faceted Program to Build Sustainable Income for the Very Poor.” The 

programs studied are Graduating from Ultra Poverty (GUP) in Ghana and two other programs in 

the same area—Saving Out of Ultra Poverty (SOUP) and Asset-Only—designed for comparison 

with GUP. The GUP program at the site was also incorporated into the six-country study from 

Banerjee et al. (2015). All programs took place over the same two-year period, and the 

implementing agencies were Innovations for Poverty Action (IPA) and Presbyterian Agricultural 

Services (PAS).  

 For the GUP program, poor villages in poor regions in Ghana were first chosen, then 

villages identified households with lower economic status within the community, which were 

then verified by program implementers. In designated “GUP villages,” some sample households 

were assigned to GUP treatment, while the others were in the control group. Of those households 

assigned to treatment, 50% were assigned to “GUP with savings” and the remaining half were 

assigned to “GUP without savings.” In both GUP treatments, participants 1) selected a bundle of 

productive assets at program start and 2) received the following from a program staff member 

weekly: training specific to managing this asset, life skills training, a monetary stipend intended 

to help with consumption needs especially during the lean season, and basic health services and 

health education. Additionally, “GUP with savings” also provided savings collection service 

through visits from program staff.  

 For the SOUP program, the same village and household selection methods were used. In 

designated “SOUP villages,” 59% of sample households were assigned to SOUP treatment while 
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the remaining 41% were assigned to control. Of these 59% assigned to treatment, 50% were 

assigned to “SOUP with match,” and the remaining 50% were assigned to “SOUP without 

match.” Both programs provided a savings account and savings collection service, but the 

“SOUP with match” program also provided a 50% match for all deposits.   

 For the Asset-Only program, which used the same village and household selection 

methods, in designated “Asset-Only” villages, 50% of sample households were assigned to 

treatment. They only received four goats and had no other contact with the program.  

 Additionally, some similarly-selected villages were designated as complete control, with 

no households receiving treatment of any sort.  

3.1.2 Data Collection and Variables  

 The main data was collected through a survey of households before the program began 

(“baseline”), two years later right after the program ended, and then a year later (“Follow-Up”). 

Additionally, shorter surveys were conducted six months, one year, and one-and-a-half years 

after baseline. The data collected at the one and one-and-a-half-year mark is pooled into the two-

year data (“Endline 1”) in the analysis for Banerjee et al. 2018; for comparability of results, I 

maintain the same convention.   

 The survey method is as follows: 1) the female head reported most data for the household 

in “household surveys,” 2) one adult household member reported data about his/her own mental 

health, political involvement, time use, and gender norms, and 3) the same adult reported data 

about the health of every household member. A number of data points are missing, and the 

treatment of missing data is repeatedly addressed throughout this thesis.  

 To maximize the amount of data used, observations that are missing for one particular 

variable are still included in the dataset for other variables. This results in a different number of 
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observations used for different variables and endlines. For Endline 1, the number of observations 

for key variables ranges from 3,721 (for the female empowerment index) to 4,108 (for the 

income index), and then the 28,132 observations for the physical health index, which was 

measured for each household member. For Endline 2, the range is from 3,665 (for the time at 

work index) to 4,084 (for the income index), and then the 27,294 observations for the physical 

health index.  

The index composition described below was used by both Banerjee et al. (2015) for 

Ghana specifically and Banerjee et al. (2018) and has theoretical support in the literature. Both 

for comparability of results and because of the level of theoretical support, I have chosen not to 

alter this index composition. The indices are divided into economic and non-economic.  

Economic 

Asset Value Index: The international price in goats of total assets, then standardized around the 

control group average at each measurement point.  

Financial Inclusion Index: The total amount of the household’s loans in the past year, and the 

household’s total savings, standardized around the control group average at each measurement 

point.  

Consumption Index: The household’s total monthly consumption, standardized around the 

control group average at each measurement point.  

Food Security Index: The average of three dummy variables, standardized around the control 

group average at each measurement point (Banerjee et al. 2018): 1) variable one asked the 

question “Did adults ever reduce the number of meals per day or reduce portions over the past 

year?”,  2) variable two asked the question “Did kids ever reduce the number of meals per day or 

reduce portions over the past year?”, and 3) variable three asked the question “Did adults ever 
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skip entire days without eating?” If the responses were “all year” or “during the lean season 

only,” variables were coded as zero; otherwise they were coded as one.  

Income Index: The average of four variables, standardized around the control group average at 

each measurement period: 1) monthly business income, 2) monthly crop income, 3) monthly 

wage income, and 4) monthly animal revenue.  

Non-Economic 

Female Empowerment Index: The average of the answer to five questions (“To what extent do 

you believe yourself able to make your own decisions concerning food/school expenses/health 

expenses/visiting friends/purchases”) each on a scale of one to three (highest), then standardized 

around the control group average at each measurement point (Banerjee et al. 2018).  

Health Index: The average of two variables, standardized around the control group average at 

each measurement point: 1) average daily living score, where the participant ranks her/his 

capacity for bathing/lifting/walking/standing/working on a scale of one to four (done without 

difficulty) and these rankings are averaged and 2) a dummy variable that equals 1 if the 

participant was not absent from work at least one day in the past year. 

Mental Health Index: The average of three variables, standardized around the control group 

average at each measurement period: 1) self-rated economic satisfaction from one to five 

(highest), 2) not-stressed index, which is the average of five variables (feeling sad, crying, not 

eating, not working, and feeling restless), on a scale of “not at all,” “hardly ever,” “some of the 

time,” or “most of the time,” and then standardized around the control group average at each 

measurement period, and 3) a dummy variable for not being worried, which is one if the member 

did not “experience a period of worry in the last year” and zero otherwise (Banerjee et al. 2018).   
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Political Involvement Index: A dummy variable coded as one if the participant went to a village 

meeting in the last year and zero otherwise, then standardized around the control group average 

at each measurement period.  

Time Work Index: The average of four variables, standardized around the control group average 

at each measurement period of time spent the previous day 1) “in the fields,” 2) “on animals,” 3) 

“on business,” and 4) “on other paid labor.” 

3.1.3 Orthogonality of Variables at Baseline  

The mean and standard deviation for the baseline value of each key variable discussed in 

this thesis are in Figure 3.1.3a, broken down by each treatment group. The Asset-Only 

households and control households in Asset-Only villages were not surveyed at baseline; to 

avoid biasing the results, they are not included in the table. The p-value of an F-test of joint 

significance of all treatments is shown in the column at right. I perform an F-test for the 

following regression specification: 

𝑌 =  𝛽 𝐺𝑈𝑃𝑛𝑜𝑠𝑎𝑣 +  𝛽 𝐺𝑈𝑃𝑠𝑎𝑣 +  𝛽 𝑆𝑂𝑈𝑃𝑛𝑜𝑚𝑎𝑡𝑐ℎ + 𝛽 𝑆𝑂𝑈𝑃𝑚𝑎𝑡𝑐ℎ

+  𝑊 +  𝜖  

where 𝑌  is the outcome variable k for individual/household i at baseline; and 𝐺𝑈𝑃𝑛𝑜𝑠𝑎𝑣 , 

𝐺𝑈𝑃𝑠𝑎𝑣 , 𝑆𝑂𝑈𝑃𝑛𝑜𝑚𝑎𝑡𝑐ℎ , and 𝑆𝑂𝑈𝑃𝑚𝑎𝑡𝑐ℎ  represent the treatment status for household i. 

The standard errors are clustered as follows: clusters are formed along the “randomization unit,” 

as was done in Banerjee et al. (2018). Specifically, the first stage of randomization is whether a 

household is in a control village or a treatment village. Each control village makes up its own 

cluster. For treatment villages, there is an additional stage of randomization, control vs. treatment 

household, creating additional household level clusters.  The omitted group is control households 
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for the aforementioned four treatments (excluding Asset-Only control).  Note the absence of a 

constant.  

Thus, I fail to reject the null hypothesis of orthogonality at baseline at the 95% level for 

the asset value index, consumption index, food security index, income index, household has 

business, monthly business income, monthly crop income, monthly wage income, goat value, pig 

value, sheep value, cow value, total livestock value, physical health index, mental health index, 

political involvement index, and female empowerment index. I reject the null hypothesis of 

orthogonality at baseline for the financial inclusion index and fowl value. Lastly, I was unable to 

check orthogonality at baseline for monthly animal revenue and time at work because these 

variables were not measured at baseline. Therefore, while the control and treatment groups are 

balanced for most variables, I include baseline controls in specifications for all variables, unless 

otherwise noted. This provides for more direct comparisons of treatment effects for different 

variables.  

4 Methodology 

4.1 Quantile Regression 

To begin my analysis of heterogeneous treatment effects, I fit quantile regressions. This 

regression method models a quantile of the distribution of the dependent variable, conditioned on 

the independent variables, as a linear function of the independent variables. With this approach, 

each selected quantile is estimated separately, producing five different regressions for each 

variable at each endline. The p-value accompanying each coefficient is interpreted the same way 

as in a standard ordinary least squares (OLS) regression. The primary advantage over OLS is that 

independent variables (such as our independent variable of interest, treatment status), can have 

different effects on different quantiles of the conditional distribution of the dependent variable, 
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whereas OLS estimates the effect of each independent variable on the conditional mean of the 

dependent variable. More specifically for a quantile q, the regression estimates the coefficients 

𝛽  to minimize the function  

𝑄(𝛽 ) =  𝑞 𝑦 − 𝑥 𝛽

:   

+ (1 − 𝑞) 𝑦 − 𝑥 𝛽

:   

            (𝐸𝑞𝑛. 4.1𝑎) 

Where N is the number of observations, i denotes a specific observation, yi is the dependent 

variable, and xi is the vector of independent variables (as explained by Baum, Boston College). 

Eqn. 4.1a is minimized using the simplex method. For this particular analysis, I calculate the 

standard errors analytically and the estimator produced is asymptotically normal.   

  The specification for quantile regression in this thesis is as follows:  

𝑌 ,
,

= 𝛽 ,
,

+  𝛽 ,
,

𝐺𝑈𝑃 +  𝛽 ,
,

𝑆𝑂𝑈𝑃 +  𝛽 ,
,

𝐴𝑠𝑠𝑒𝑡𝑂𝑛𝑙𝑦  + 𝛽 ,
,

𝑍 + 𝛽 ,
,

𝑀 + 𝜖 ,
,

   

Where 𝑌 ,
,  is the outcome variable k at quantile q for individual/household i at time t; 𝐺𝑈𝑃 , 

𝑆𝑂𝑈𝑃 , and 𝐴𝑠𝑠𝑒𝑡𝑂𝑛𝑙𝑦  represent the treatment status for household i without differentiation of 

treatment subgroups within these categories; 𝑍  is the baseline value of variable k for 

individual/household i (coded as zero if the baseline value is missing), and 𝑀  is a dummy 

variable coded as 1 if the baseline value of variable k for individual/household i is missing. I 

estimate quantiles at the 10th, 25th, 50th, 75th, and 90th percentiles, as is fairly standard statistical 

practice. The error term is 𝜖 ,
, , which is clustered as explained below. I include the only 

minimum necessary control variables in order to enable convergence of the maximum number of 

regressions. For quantile regressions, I do not distinguish between the two types of GUP 

treatment or the two types of SOUP treatment; convergence issues already exist, and estimating 

effects for even more subgroups would cause additional convergence issues. Note that all the 

treatment randomization was performed at the household, not individual, level. All outcome 
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variables were collected at the household level, with the following exceptions: 1) the political 

involvement index, female empowerment index, time use index, and health index, for which one 

or more adults in the household answered about themselves and 2) the health index, for which 

one adult in the household answered about themselves and other household members. Therefore, 

more formally, for each outcome variable k, at each endline t, and at each quantile q, where  

 

𝑘 ∈ {𝑓𝑖𝑛𝑎𝑛𝑐𝑖𝑎𝑙 𝑖𝑛𝑐𝑙𝑢𝑠𝑖𝑜𝑛, 𝑐𝑜𝑛𝑠𝑢𝑚𝑝𝑡𝑖𝑜𝑛, 𝑖𝑛𝑐𝑜𝑚𝑒, 𝑎𝑠𝑠𝑒𝑡 𝑣𝑎𝑙𝑢𝑒, 𝑓𝑜𝑜𝑑 𝑠𝑒𝑐𝑢𝑟𝑖𝑡𝑦,

𝑝𝑜𝑙𝑖𝑡𝑖𝑐𝑎𝑙 𝑖𝑛𝑣𝑜𝑙𝑣𝑒𝑚𝑒𝑛𝑡, 𝑡𝑖𝑚𝑒 𝑤𝑜𝑟𝑘, ℎ𝑒𝑎𝑙𝑡ℎ, 𝑚𝑒𝑛𝑡𝑎𝑙 ℎ𝑒𝑎𝑙𝑡ℎ, 𝑓𝑒𝑚𝑎𝑙𝑒 𝑒𝑚𝑝𝑜𝑤𝑒𝑟𝑚𝑒𝑛𝑡, 

 ℎ𝑜𝑢𝑠𝑒ℎ𝑜𝑙𝑑 ℎ𝑎𝑠 𝑏𝑢𝑠𝑖𝑛𝑒𝑠𝑠, 𝑏𝑢𝑠𝑖𝑛𝑒𝑠𝑠 𝑖𝑛𝑐𝑜𝑚𝑒, 𝑐𝑟𝑜𝑝 𝑖𝑛𝑐𝑜𝑚𝑒, 𝑎𝑛𝑖𝑚𝑎𝑙 𝑟𝑒𝑣𝑒𝑛𝑢𝑒, 𝑤𝑎𝑔𝑒 𝑖𝑛𝑐𝑜𝑚𝑒, 𝑔𝑜𝑎𝑡 𝑣𝑎𝑙𝑢𝑒,  

𝑓𝑜𝑤𝑙 𝑣𝑎𝑙𝑢𝑒, 𝑝𝑖𝑔 𝑣𝑎𝑙𝑢𝑒, 𝑠ℎ𝑒𝑒𝑝 𝑣𝑎𝑙𝑢𝑒, 𝑐𝑜𝑤 𝑣𝑎𝑙𝑢𝑒, 𝑡𝑜𝑡𝑎𝑙 𝑙𝑖𝑣𝑒𝑠𝑡𝑜𝑐𝑘 𝑣𝑎𝑙𝑢𝑒}  

𝑡 ∈ { 𝐸𝑛𝑑𝑙𝑖𝑛𝑒 1, 𝐹𝑜𝑙𝑙𝑜𝑤 − 𝑈𝑝} 

𝑞 ∈ { .10, .25, .50, .75, .90} 

 

the coefficients 𝛽 ,  are chosen to minimize Eqn. 4.1a, where  
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𝑦 , = 𝑣𝑎𝑙𝑢𝑒 𝑜𝑓 𝑜𝑢𝑡𝑐𝑜𝑚𝑒 𝑣𝑎𝑟𝑖𝑎𝑏𝑙𝑒 𝑘 𝑓𝑜𝑟 𝑖𝑛𝑑𝑖𝑣𝑖𝑑𝑢𝑎𝑙/ℎ𝑜𝑢𝑠𝑒ℎ𝑜𝑙𝑑 𝑖 𝑎𝑡 𝑡𝑖𝑚𝑒 𝑡 

𝑥 , = (1, 𝐺𝑈𝑃 , 𝑆𝑂𝑈𝑃 , 𝐴𝑠𝑠𝑒𝑡𝑂𝑛𝑙𝑦 , 𝑍 , 𝑀 ) 

 

The coefficients of 𝐺𝑈𝑃 , 𝑆𝑂𝑈𝑃 , 𝑎𝑛𝑑 𝐴𝑠𝑠𝑒𝑡𝑂𝑛𝑙𝑦 , that is, (𝛽 ,
,

, 𝛽 ,
,

, 𝛽 ,
,

) are the treatment 

effects of the respective program on quantile q at time t of the variable k.  

4.1.1 Clustering and Clustered Standard Errors 
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  While clustering in most regression context has been common for some time, clustering 

in quantile regression is relatively new. I use clustered standard errors along the methodology of 

Parente and Santos Silva (2016). They showed that after clustering, if clusters are independent 

and identically distributed, then the quantile estimator is still consistent and asymptotically 

normal, and the estimator of the covariance matrix Ω of the asymptotic distribution is consistent. 

Intra-cluster correlation does not present problems in this formulation. The estimator of Ω, for G 

clusters, N observations, the outcome variable yi , the vector of independent variables xi, the 

coefficients β, the quantile q, the bandwidth 𝑐 , and an indicator variable I is  

Ω =  𝐵 𝐴𝐵  

where 

𝐵 =
1

2𝑐 𝐺
 𝐼 𝑢 ≤  𝑐  𝑥 𝑥  

𝐴 =  
1

𝐺
𝑥 𝑥 𝑞 − 𝐼 (𝑦 − 𝑥 𝛽) < 0 𝑞 − 𝐼 (𝑦 − 𝑥 𝛽) < 0 . 

The clusters are formed along the “randomization unit,” as was done in Banerjee et al. (2018). 

Specifically, the first stage of randomization is whether a household is in a control village or a 

treatment village. Each control village makes up its own cluster. For treatment villages, there is 

an additional stage of randomization, control vs. treatment household, creating additional 

household level clusters.  

4.2 Interquantile Regression 

 While quantile regression yields the treatment effects of the programs on particular 

quantiles, and the treatment effects at different quantiles can be compared qualitatively, they 

cannot be compared with hypothesis testing. This is because the standard error of the coefficients 

that we want to compare were not estimated simultaneously. Simultaneous quantile regression—
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which estimates all quantiles simultaneously and then calculates an estimate of the variance-

covariance matrix of the coefficients by bootstrapping (see below)—is an option to solve this 

problem. The coefficients estimated will be the same as in quantile regression, but the standard 

errors will be different and appropriate for hypothesis testing of differences between various 

quantiles. However, if the estimation does not converge for all quantiles, in some cases 

simultaneous quantile regression fails to estimate other quantiles also. Thus, to ameliorate this 

problem, I use interquantile regression.  

Interquantile regression estimates just two specified quantiles simultaneously and 

calculates the difference between their coefficients. This difference is the same as if we manually 

subtracted the relevant coefficients produced by quantile (or simultaneous quantile) regression. 

Its standard errors are estimated using the same method—and indeed are identical—to those of 

simultaneous quantile regression and are appropriate for hypothesis testing of the difference 

between the two specified quantiles (but not among other quantiles). More precisely, since the 

specifications for quantiles m, n, m > n for outcome k at endline t are as follows 

𝑄(𝑌 ,
, ) =  𝛽 ,

, +  𝛽 ,
, 𝐺𝑈𝑃 + 𝛽 ,

, 𝑆𝑂𝑈𝑃 + 𝛽 ,
, 𝐴𝑠𝑠𝑒𝑡𝑂𝑛𝑙𝑦  +  𝛽 ,

, 𝑍 + 𝛽 ,
, 𝑀

+ 𝜖 ,
,    

𝑄(𝑌 ,
, ) =  𝛽 ,

, +  𝛽 ,
, 𝐺𝑈𝑃 +  𝛽 ,

, 𝑆𝑂𝑈𝑃 + 𝛽 ,
, 𝐴𝑠𝑠𝑒𝑡𝑂𝑛𝑙𝑦  +  𝛽 ,

, 𝑍 + 𝛽 ,
, 𝑀 + 𝜖 ,

,  

the interquantile model is then the difference in quantiles m and n:  

𝑄(𝑌 ,
, ) − 𝑄(𝑌 ,

, )

= (𝛽 ,
, −  𝛽 ,

, )  +   (𝛽 ,
, − 𝛽 ,

, )𝐺𝑈𝑃 + (𝛽 ,
, − 𝛽 ,

, )𝑆𝑂𝑈𝑃 + (𝛽 ,
,

−  𝛽 ,
, ) 𝐴𝑠𝑠𝑒𝑡𝑂𝑛𝑙𝑦 + (𝛽 ,

, −  𝛽 ,
, )𝑍 +   (𝛽 ,

, −  𝛽 ,
, )𝑀 + (𝜖 ,

, − 𝜖 ,
, ) 

I use a 2-directional test of the null hypotheses  
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𝛽 ,
, − 𝛽 ,

, = 0 , 𝛽 ,
, − 𝛽 ,

, =  0,  𝑎𝑛𝑑 𝛽 ,
, − 𝛽 ,

, =  0, 

which hypothesize that the treatment effects are the same at each quantile.  

4.2.1 Bootstrapping 

Although I used analytic standard errors in the quantile regressions above, calculating 

analytic standard errors for interquantile regression is particularly difficult in practice. 

Furthermore, while the dataset is relatively large, trying to perform interquantile regression on 

quantiles that are relatively close together leaves still fewer observations to be considered for 

each regression. This can increase the bias of the standard errors. Bootstrapping is a statistical 

method that can produce more accurate standard errors. The idea is to approximate taking 

repeated samples from the statistical population under consideration.  

Bootstrapping functions by repeatedly taking random samples of the observations in the 

dataset with replacement to construct different sample sets with n observations. Then, a standard 

error estimate is calculated on each of these sample datasets, and these estimates are averaged to 

calculate the bootstrap estimate. Because this method involves taking random samples, it 

depends on the quasi-random number generation process of the statistical package, in my case 

Stata. In order for results to be replicable, I set the seed at the beginning of each analysis.  

4.3 Convergence 

  In some cases, noted in detail in the Analysis section, quantile or interquantile estimates 

do not converge. There are several reasons for this. First, for some outcome variables the data 

contains a large number of missing observations, which are then coded as 0 (with an indicator 

variable added). If more than p percent of observations are missing and thus coded as 0, the pth 

percentile cannot be estimated; no independent variable can change the pth percentile. In other 
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cases, there are simply not enough observations to estimate quantiles. Lastly, other complicated 

convergence dynamics specific to the dataset and regression can cause failure.  

4.4 Interaction Effects Specification  

  Separately from the quantile analysis, I examine interaction effects between 

physical/mental health indices and the various treatments. For comparability of results, I modify 

the main specification of Banerjee et al. (2018) with these interaction effects, creating the 

following:  

𝑌 , =  𝛽 ,  +  𝛽 , 𝐺𝑈𝑃 + 𝛽 , 𝑆𝑂𝑈𝑃 + 𝛽 , 𝐻 + 𝛽 , 𝑀 + 𝛽 , 𝐻 𝐺𝑈𝑃 +  𝛽 , 𝐻 𝑆𝑂𝑈𝑃

+ 𝛽 , 𝑀 𝐺𝑈𝑃 +  𝛽 , 𝑀 𝑆𝑂𝑈𝑃 +  𝑊 + 𝑉
 

+ 𝜃 + 𝜇 +  𝜖 ,   (𝐸𝑞𝑛. 4.4𝑎) 

where 𝑌 ,  is the outcome variable k for individual/household i at time t; 𝐺𝑈𝑃  and 𝑆𝑂𝑈𝑃 , 

represent the treatment status for household i without differentiation of treatment subgroups 

within these categories; 𝐻  is either the physical health or mental health index at baseline for 

individual i (coded as zero if the baseline value is missing); 𝑀  is a dummy variable coded as 1 

if the baseline value of variable H for individual i is missing; 𝑊   is a set of variables 

for re-randomization; 𝑉   is a set of dummy variables for if household i was given 

“short surveys” in between the main rounds; 𝜃  represents fixed effects for the 

interviewer; 𝜇  represents controls for an employment program that is not explored here, and 

𝜖 ,
,  is the error term. For most households, data on mental health was available for only one 

adult member of the household. Even in cases when mental health data was available for 

additional adults, it was not clear why this data was collected for another adult, and so I could 

not include this additional data without biasing my results. Thus, I used only the mental health 
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information for the primary adult member of the household who took the survey. For physical 

health, the primary adult member reports her/his own data and data for other household 

members. Because there is no straightforward method of incorporating all individuals’ health 

into interaction effects, I used only the primary adult’s health for my analysis. The standard 

errors are clustered at the unit of randomization, as explained above. Further note that 

𝑘 ∈ {𝑓𝑖𝑛𝑎𝑛𝑐𝑖𝑎𝑙 𝑖𝑛𝑐𝑙𝑢𝑠𝑖𝑜𝑛, 𝑐𝑜𝑛𝑠𝑢𝑚𝑝𝑡𝑖𝑜𝑛, 𝑟𝑒𝑣𝑒𝑛𝑢𝑒, 𝑎𝑠𝑠𝑒𝑡 𝑣𝑎𝑙𝑢𝑒, 𝑓𝑜𝑜𝑑 𝑠𝑒𝑐𝑢𝑟𝑖𝑡𝑦,

𝑝𝑜𝑙𝑖𝑡𝑖𝑐𝑎𝑙 𝑒𝑛𝑔𝑎𝑔𝑒𝑚𝑒𝑛𝑡, 𝑡𝑖𝑚𝑒 𝑎𝑡 𝑤𝑜𝑟𝑘, 𝑓𝑒𝑚𝑎𝑙𝑒 𝑒𝑚𝑝𝑜𝑤𝑒𝑟𝑚𝑒𝑛𝑡}  

𝑡 ∈ { 𝐸𝑛𝑑𝑙𝑖𝑛𝑒 1, 𝐹𝑜𝑙𝑙𝑜𝑤 − 𝑈𝑝} 

For those households assigned to Asset-Only, the dataset does not contain any baseline data on 

physical or mental health. Thus, I do not include variables or interaction effects for Asset 

treatment, and I then remove households assigned to Asset treatment from the sample.   

The same method of clustering is used as in the quantile treatment effects.  

  Because of the large number of interviewers and Stata’s constraint on the maximum 

number of variables that can be included in a regression, I use a linear regression method that is 

designed for a large dummy variable set, called areg. This method includes the interviewer fixed 

effects 𝜃 ,  as controls but does not estimate the coefficients for the interviewers; these 

coefficients would not be relevant to my analysis.  

  Additionally, I unpack the two arms of the GUP program—GUP with savings and GUP 

without savings—and the two arms of the SOUP program—SOUP with match and SOUP 

without match—with the following specification:  
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𝑌 , =  𝛽 , +  𝛽 , 𝐺𝑈𝑃𝑛𝑜𝑠𝑎𝑣 + 𝛽 , 𝐺𝑈𝑃𝑠𝑎𝑣 +  𝛽 , 𝑆𝑂𝑈𝑃𝑛𝑜𝑚𝑎𝑡𝑐ℎ + 𝛽 , 𝑆𝑂𝑈𝑃𝑚𝑎𝑡𝑐ℎ

+ 𝛽 , 𝐻 + 𝛽 , 𝑀 + 𝛽 , 𝐻 𝐺𝑈𝑃𝑛𝑜𝑠𝑎𝑣 + 𝛽 , 𝐻 𝐺𝑈𝑃𝑠𝑎𝑣

+  𝛽 , 𝐻 𝑆𝑂𝑈𝑃𝑛𝑜𝑚𝑎𝑡𝑐ℎ + 𝛽 , 𝐻 𝑆𝑂𝑈𝑃𝑚𝑎𝑡𝑐ℎ +  𝛽 , 𝑀 𝐺𝑈𝑃𝑛𝑜𝑠𝑎𝑣

+  𝛽 , 𝑀 𝐺𝑈𝑃𝑠𝑎𝑣𝑒 +  𝛽 , 𝑀 𝑆𝑂𝑈𝑃𝑛𝑜𝑚𝑎𝑡𝑐ℎ  +  𝛽 , 𝑀 𝑆𝑂𝑈𝑃𝑚𝑎𝑡𝑐ℎ

+  𝑊 + 𝑉
 

+ 𝜃 , + 𝜇 +  𝜖 ,    (𝐸𝑞𝑛. 4.4𝑏) 

4.4.1 Multiple Inference Correction 

  Because I am conducting a large number of hypothesis tests, there is a higher “Type 1” 

error; that is, there is a higher probability of finding significant effects where there are none. For 

example, with a 95% confidence level, for every twenty null hypotheses I test, if in reality all of 

them are true, the expected number of times I will reject the null hypothesis is one. Thus, in 

addition to estimating the p-values as in single hypothesis testing, I follow Benjamini and 

Hochberg (1995) and Anderson (2008) to compute q-values with the step-up method. I conduct 

the multiple inference correction within each specification (Eqns. 4.4b and 4.4a). Each 

specification corresponds to a separate table. My rationale for this choice is that each table 

represents a substantially different set of hypotheses that were constructed based on different 

theoretical questions.   

5 Analysis 

5.1 Quantile Treatment Effects 

 I first analyze the quantile and interquantile treatment effects for household-level 

economic indices in 5.5.1. Then, given notable differences in effects on the income index at 

different quantiles, I unpack the components of this index in 5.5.2 and estimate quantile 

treatment effects for each to better understand what is driving these effects. Additionally, 5.5.1 

also illustrates surprising results for the asset value index at different quantiles for the Asset-
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Only treatment specifically. Therefore, in 5.5.3 I examine quantile treatment effects for an 

important component of this index, total livestock value, and in turn the values owned of various 

livestock.   

 Additionally, I estimate quantile and interquantile treatment effects for household-level 

non-economic indices in 5.5.4. Banerjee et al. (2018) showed that programs had only a few 

significant effects on these non-economic indices, so my goal here is to determine whether there 

were also only a few significant effects on individual quantiles or whether significant effects on 

certain quantiles were masked by the lack of effects or opposite effects on other quantiles.  

5.1.1 Household-Level Economic Indices 

I illustrate the quantile treatment effects on household level economic indices for Endline 

1 and Follow-Up in Fig. 5.1.1a and the interquantile effects in Fig. 5.1.1b.  

Before discussing results, one important caveat is that a substantial number of regressions 

failed to converge. Removing the baseline controls (and the corresponding dummies for missing 

variables) produced qualitatively similar effects in most, although not all, cases, but this failed to 

improve convergence. Regressions failed to converge because of reasons discussed in 4.3, and 

this does not affect the integrity of the estimates for the regressions that do converge. Thus, I 

present results for my original specification.  

I first examine the financial inclusion index. Banerjee et al. (2018) had illustrated that 

GUP had a large effect on finance index at both Endline 1 and Follow-Up that was significant at 

the 99% level, SOUP had similar effects at Endline 1 but the effects had largely disappeared by 

Follow-Up, and Asset-Only had no significant effect. For both Endline 1 and Follow-Up, my 

quantile regression only converges for the 75th and 90th percentiles, and for these the treatment 

effect for GUP and SOUP is positive and significant at the 99% level, with effects for GUP 
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greater than those for SOUP and Endline 1 effects greater than their respective Follow-Up 

effects. It is notable that, while SOUP did not achieve significant effects at Follow-Up on 

average, it did achieve significant effects for these higher percentiles. The interquantile 

regression shows that for Endline 1, the effects of GUP and SOUP at the 90 th percentile were 

significantly greater than at the 75th percentile at the 99% level; for Follow-Up, the same pattern 

is true at but at the 90% level.  

For the interquantile regression, differences between other quantiles did converge. 

Overall, in addition to the effects discussed above, for both GUP and SOUP for both endlines, 

for a large majority of regressions that converged, the higher quantile had a greater effect that 

was significant at the 99% or 95% level. The differences for GUP are usually larger than those 

for SOUP, likely because the effects in general are larger for GUP. In sum, both GUP and SOUP 

show a clear pattern of helping the higher end of the distribution more; for SOUP it is 

particularly notable that some effect endures to the Follow-Up for higher quantiles while not 

enduring on average.  

On the other hand, Asset-Only had no effect on the financial inclusion index for Endline 

1 or Follow-Up at the 75th percentile. However, it had a large negative effect at the 90th 

percentile at both Endline 1 and Follow-Up significant at the 99% level, and for a number of 

interquantile regressions that converged, at both endlines higher quantiles had effects that were 

significantly lower (99% level) than lower quantiles. For this category, Banerjee et al. (2018) 

showed insignificant average effects, some negative and some positive. Therefore, the Asset-

Only program may have actually hurt the financial inclusion of households at the higher end of 

the distribution. Given that Asset-Only households were only given goats and no additional 

means to provide for them, one theory could be that households had to draw from their savings in 
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an effort to keep the goats and achieve future return. However, at Follow-Up, there is no 

evidence of these returns in the loan or savings balances.   

I now turn to the consumption index, for which Banerjee et al. (2018) showed that GUP 

and SOUP had positive effects significant at the 99% or 95% levels for Endline 1, with only 

GUP effects remaining to Follow-Up. For my quantile and interquantile analysis, all regressions 

converged. For Endline 1, GUP and SOUP had significant positive effects on the lower 

quantiles, while SOUP also had significant effects (positive) on the upper quantiles. For the 

Follow-Up, GUP had (positive) effects significant at the 95% level only at the 10th percentile, 

and SOUP had (positive) effects significant at the 90% and 95% levels only at the 75th and 90th 

percentiles. The interquantile regressions indicate that, while almost none of the GUP effects 

were significantly different across quantiles, there is limited evidence that some SOUP effects 

were significantly higher for larger quantiles at both Endline 1 and Follow-Up. These results are 

not easily interpretable. However, one possible interpretation is that, at Endline 1, SOUP 

households may have used some amounts they had saved (and also funds from the matching 

program) toward additional consumption in the near future, while only GUP households at lower 

quantiles did this, and GUP households at higher quantiles saved or invested their additional 

funds.   

For Asset-Only, at Endline 1 the effects are significant (negative) at three out of five 

quantiles, and interquantile regressions show no significant differences. For Follow-Up, effects 

are positive at the lowest quantile, negative at the highest two, and not significant in the middle; 

interquantile regressions show some evidence that higher quantiles have significantly lower 

effects. One theory is that households, perhaps especially at higher ends of the distribution, 

reduced their consumption in order to care for the asset.   
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For the income index, GUP has significant positive effects at nearly all quantiles for both 

Endline 1 and Follow-Up, with interquantile regressions confirming that in many cases there is a 

significantly higher effect on higher quantiles. The only SOUP effect is an isolated one on the 

90th percentile at Endline 1 (significant at the 99% level). Asset-Only has significant negative 

effects at almost all quantiles at Endline 1, significant negative effects on most lower quantiles at 

Follow-Up, and then positive effects at the 75th and 90th quantiles of Follow-Up that are 

significant even at the 99% level. Interquantile regressions show that the only significant 

differences are for the comparisons between these upper quantiles and the lower quantiles at 

Follow-Up. I note again here that for work with animals specifically, the income index includes 

animal revenue and not income, as associated costs were not available.  It is plausible that the 

coaching, skills training, and consumption support provided by GUP allowed even lower 

quantile households to retain and derive revenue and income from the livestock, while a grant of 

only livestock was in fact harmful for most households and indeed only helped the highest 

quantiles at follow-up. I further unpack these effects in 5.1.2 and 5.1.3.   

 I now examine the asset value index. At both Endline 1 and Follow-Up, GUP had a 

positive and significant effect on all quantiles except for the 90th. There is some evidence that 

GUP has significantly higher effects at higher quantiles (excluding the 90th) at Endline 1, but no 

evidence at Follow-Up. Asset-Only had negative effects at Endline 1 at the lower quantiles and 

positive effects on higher quantiles (however, interquantile regressions show that the differences 

between these effects were not always significant), and at Follow-Up had only significant 

(positive) effects on the upper quantiles. This is a key result—it is evidence that Asset-Only may 

have harmed the poorest individuals. By contrast, it may be that the extra support provided by 

GUP allowed all households, except those at the very top, to retain their assets, while receiving 
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an asset was only sufficient to help households who already had a higher value of assets, and 

even them mainly in the long term. I investigate this interpretation in more detail in 5.1.2 and 

5.1.3. However, the interquantile regressions show that these differences between these effects 

were not always significant. 

Perhaps surprisingly, given that SOUP households did not receive assets, SOUP had a 

positive and significant effect at almost all quantiles for Endline 1 and Follow-Up. There is some 

evidence, mainly at Follow-Up, that the effect increased for higher quantiles. Effects were 

qualitatively larger at Follow-Up. These results may mean that SOUP households used their 

savings to invest in durable goods, and I examine the possible type of these durable goods in 

5.1.3. 

Only six regressions for food security converged. Based on only these, SOUP and GUP 

appear to have no effect on food security. For Endline 1, Asset-Only has no effect for the two 

lowest quantiles, a negative effect at the 50th and 75th percentiles significant at the 99% level, and 

the highest quantile fails to converge. For Follow-Up, Asset-Only has a positive effect at the 25th 

percentile, negative at the median, and negative at the 75th percentile, all significant at the 99% 

level. These results do not have a clear interpretation.    

5.1.2 Household-Level Income Sources 

I illustrate the quantile treatment effects on household-level income sources for Endline 1 

and Follow-Up in Fig. 5.1.2a and the interquantile effects in Fig. 5.1.2b.  

As explained in 5.1.1, GUP had positive and significant effects on all income index 

quantiles at all endlines except for the lowest quantile of Endline 1. Starkly different, Asset-Only 

had negative effects, most of which were significant, on all quantiles except the 75th and 90th at 

Follow-Up, where the effects were positive and significant. In order to better understand these 
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marked effects, I examine household level income sources, which include the following 

variables: household has business, monthly business income, monthly crop income, monthly 

animal revenue, and monthly wage income.   

Before beginning it is necessary to address a few complications. First, for work with 

animals specifically, the income index uses animal revenue and not income, as associated costs 

were not available. Next, for all variables except monthly animal revenue, the control, GUP, and 

SOUP groups have only a very small number of observations for which baseline values of 

livestock value variables are missing. Thus, since the dummy variable for missing baseline is 

then coded as one for these observations, the coefficient for the dummy is not accurate, distorting 

other coefficients. Therefore, for all variables except monthly animal revenue, I exclude 

observations in the control, GUP, and SOUP groups for which baseline values of livestock value 

variables are missing, making separate exclusion decisions for each variable. For monthly animal 

revenue, all baseline values for all groups were missing. Thus, I exclude the baseline control and 

corresponding missing dummy from the regression.  

 Turning first to the variable for whether the household has a business, the quantile 

regressions only converge at one quantile, and I did not examine interquantile regressions 

because of convergence issues, so I am unable to draw substantive conclusions.  

 For monthly business income, the quantile regressions converged for the 75th and 90th 

percentiles for both Endline 1 and Follow-Up. For both endlines, GUP had positive effects that 

were significant at the 99% level, and the effects at the 90th quantile were about two times those 

at the 75th quantile. Due to persistent convergence issues, I did not analyze interquantile effects 

for monthly business income and so cannot precisely determine how different the magnitudes 

were. It appears that GUP has an amplification or scaling effect, especially increasing business 
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income for the highest end of the distribution. In contrast, the Asset-Only program has a negative 

effect at Endline 1 at the 75th percentile (significant at the 90% level) and an even larger negative 

effect at the 90th percentile (significant at the 99% level). The cause of these negative effects is 

unclear; it is possible that households allocated work hours or resources away from business to 

invest in the asset. It seems clear that even for the higher end of the business income distribution, 

the additional GUP components were necessary to increase business income. The effects of 

SOUP were not significant at any of the converging quantiles; this is unsurprising because saving 

is not necessarily tied to the profitability of a business.  

 Now turning to monthly crop income, for which all quantile regressions converged. GUP 

has positive effects on the 75th percentile at Endline 1 (significant at the 90% level) and on the 

25th and 50th percentiles at Follow-Up (significant at the 99% level). Combined with the fact that 

GUP effects at both endlines are higher at higher quartiles without exception, and the fact that all 

except one of the interquantile coefficients are positive, with some significant, it seems that GUP 

has higher effects on higher ends of the distribution for crop income. One possible explanation is 

that the training and life coaching that GUP households receive improve the households’ 

agricultural productivity, and so households at the higher end of the crop income distribution—

who may have higher crop acreage—see multiplicative effects. SOUP has positive significant 

effects on the 50th (95% level) and 75th percentiles (90% level) at Endline 1, while Asset-Only 

has significant effects (positive) on the 50th (99% level) and 75th percentiles (95% level) at 

Follow-Up. These effects for SOUP and Asset-Only are not easily interpretable.  

 For monthly animal revenue, GUP had a significant and positive effect at the 50th and 

75th percentile at Endline 1 and at all quantiles at Follow-Up except the 10th. This suggests that 

even though it may have taken longer for GUP households to improve their animal revenue 
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(Banerjee et al. (2018) shows average effects that are significant at low levels at Endline 1 and 

the highest levels at Follow-Up), some households do see improvements in the near term. At 

Follow-Up, it appears logical that GUP did not have an effect on households at the lowest end of 

the animal revenue distribution—who may have had less infrastructure to keep the assets, or had 

financial reasons to sell or consume the asset—while GUP was helpful for all other quantiles.   

 Unsurprisingly given its narrow focus on saving, SOUP did not have a significant effect 

at any quantile. Asset-Only, however, had a negative or zero effect at all quantiles for which it 

converged for both endlines, with significant effects (99% level) at Endline 1’s 75th and 90th 

percentiles and Follow-Up’s 50th and 75th percentiles. The negative effect of Asset-Only 

increases in magnitude from lower to higher quantiles, even though interquantile effects could 

not be analyzed because of convergence issues.   

Lastly, for wage income, for quantile regression few regressions converged, and 

interquantile regressions were not analyzed because of convergence issues. GUP did not have 

significant effects. The effect of SOUP was significant and negative at the 90th percentile, but the 

isolated nature of this effect makes it difficult to interpret. Asset-Only was significant at the 90th 

percentile (99% level) at both endlines and positive. This may be important because Banerjee et 

al. (2018) showed no effect for Asset-Only on average at either endline. The evidence here may 

suggest that the Asset-Only program is successful in helping households at the higher end of the 

distribution improve their wage income; this may be because Asset-Only had a positive effect on 

upper quantiles for the time at work index, as I showed in 5.1.1. However, it is crucial to note 

that about 80% of all households measured at different endlines had no wage income at all, so 

any effect of Asset-Only would be for a relatively small population.  
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In summary, the negative effects of Asset-Only on all endlines and quantiles except the 

highest two of Follow-Up seem to be driven by Asset-Only’s negative effect on business income 

and animal revenue. Because GUP usually had a positive and significant effect at the 

corresponding quantiles, it is plausible that Asset-Only households were not able to derive 

revenue from the asset without the training and coaching provided by GUP. Asset-Only 

households may have allocated substantial time and resources to trying to care for the asset, 

taking time and resources away from their businesses. The positive effects on the income index 

at the top quantiles of Follow-Up appear to be driven by Asset-Only’s positive and significant 

effects at the top quantiles of crop income and wage income, especially at Follow-Up. The 

reasons for these positive effects on crop income and wage income for the highest ends of the 

distribution are uncertain. It is clear that the mainly neutral average effects of Asset-Only on 

income (Banerjee et al. 2018) mask harmful effects on large swaths of the income distributions, 

especially animal revenue and business income. By contrast, while GUP may have greater 

positive effects on higher quantiles for some income variables, it usually has positive effects on 

other quantiles as well.  

5.1.3 Household-Level Livestock Value 

I illustrate the quantile treatment effects on household-level livestock value for Endline 1 

and Follow-Up in Fig. 5.1.3a and the interquantile effects in Fig. 5.1.3b.  

As explained in 5.1.1, the Asset-Only program at Endline 1 has significant negative 

effects on asset value quantiles in the bottom half and significant positive effects at the highest 

quantiles, and at Follow-Up the program has significant effects, which are positive, only at 

quantiles in the top half. The negative effects for some quantiles are unexpected for a program 

that was designed to help households, so to better understand the underlying mechanism, I 
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unpack a key component of asset value—livestock value. This includes the following variables: 

total livestock value, goat value, fowl value, pig value, sheep value, and cow value. Furthermore, 

I compare the effects of the Asset-Only program to the effects of the GUP program to analyze 

how the GUP program was able to achieve significant positive effects at all quantiles (except at 

the 90th, where there was no significant effect) at both endlines. I discuss all SOUP effects 

together at the end of this section.  

One important complication is that, similar to the income variables, the control, GUP, 

and SOUP groups have only a very small number of observations for which baseline values of 

livestock value variables are missing. Thus, since the dummy variable for missing baseline is 

then coded as one for these observations, the coefficient for the dummy is not accurate, distorting 

the other coefficients. Thus, as above, working separately for each variable, I remove 

observations from the control, GUP, and SOUP groups with missing baseline values for that 

particular type of livestock.      

 Turning first to total livestock value, for which all quantile and interquantile regressions 

converged, I find that GUP had a significant (99% level) positive effect on all quantiles for both 

endlines; in most but not all cases higher quantiles had significantly (usually 99% level) higher 

effects. By contrast, at Endline 1 and at Follow-Up, Asset-Only had positive effects at the 50th, 

75th, and 90th percentiles that were significant at the 99% level. This shows that, for lower 

quantiles, an asset grant alone is not enough to increase asset value in the short term, but that 

there may be broader impact across quantiles in the medium term. It also illustrates that GUP is 

remarkably successful at increasing asset value even at the lowest quantiles and in both shorter 

and medium term. It is also worth noting qualitatively that the effect of Asset-Only on the 90th 

percentile at Endline 1 is four times the corresponding GUP effect; at Follow-Up, it is almost 
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double. At the highest end of the total livestock distribution, Asset-Only appears to be very 

effective.  

 For goat value, which all Asset-Only households received and some GUP households 

chose to receive as their asset, most quantile and interquantile regressions converged. Significant 

effects (99% level) were found for both GUP and Asset-Only on the 50th, 75th, and 90th 

percentiles at Endline 1 and at Follow-Up. It is difficult to unpack any differences between the 

two treatments—qualitative comparison of the magnitudes of coefficients from different 

treatments yields no clear pattern. For most quantiles for both Asset Only and GUP, interquantile 

regressions show positive and significant coefficients, indicating that higher ends of the 

distribution exhibited higher effects of treatment. This appears logical: households which already 

have a number of goats more likely have methods already in place to care for additional goats if 

they chose to receive goats, and animal breeding has multiplicative growth in general.    

 Moving on to sheep value, for which most quantile regressions do not converge, GUP is 

significant at the 90th percentile of Endline 1 (90% level, positive) and the interquantile 

regressions do not show significant nonzero differences. Most other quantile coefficients are 

zero. Thus, it does not appear that GUP has a discernible effect on sheep value. Asset-Only is 

significant at the 90th percentile (95% confidence level) of Endline 1 and Follow-Up with a 

positive coefficient; the convergence issues make it difficult to see if this effect is meaningful.  

 For fowl value, almost all quantile and interquantile regressions converge. GUP does not 

have significant effects on any of the quantiles. Asset-Only has significant effects at Endline 1 on 

the 75th percentile (95% level, positve) and 90th percentile (99% level, positve) and at Follow-Up 

on the 90th percentile (99% level, positive). Thus, Asset-Only appears to have a positive effect on 

the top of the distribution. 
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 Unfortunately, quantile regressions for cow and pig value did not converge. Due to 

persistent convergence issues, I could not analyze interquantile effects for either. The lack of 

convergence for these two variables is due to the fact that, at all endlines, pig value is zero for at 

least 95% of households, and goat value is zero for at least 95% of all households—very few 

households own pigs or goats. Therefore, while I am unable to draw conclusions about how the 

treatments affected these two animal values, any effects of treatment that do exist are not likely 

to be consequential for overall livestock value, household value, or asset value for the vast 

majority of families.  

 I conclude that, while Asset-Only may have been effective at helping households increase 

the value of their goats in the near and medium term, it has mixed effects on the value owned of 

other livestock. These mixed effects may have driven the negative effects on asset value at lower 

quantiles of Endline 1. On the other hand, the positive and significant effects of GUP on almost 

all asset value quantiles appear to be mirrored for total livestock value and goat value, and, 

importantly, the quantile regressions do not suggest that GUP hurts the value of any of livestock 

holding at any quantile or endline.   

I now consider SOUP’s effects on the various values of livestock held. In 5.1.2, I found 

that SOUP had positive and significant effects on almost all asset value index quantiles for 

Endline 1 and Follow-Up, which may be surprising, given that SOUP households did not receive 

assets. First, it appears that these effects are at least partially driven by livestock value because 

SOUP is significant and positive at the 25th, 50th, and 75th percentiles of both endlines. SOUP’s 

significant effects on the values held of fowl are as follows: (Endline 1) 25th percentile (90% 

level, positive), 75th percentile (95% level, positive), 90th percentile (99% level, positive); 

(Follow-Up) 25th percentile (95% level, positive), 50th percentile (90% level, positive), 75th 
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percentile (90% level, positive), and 90th percentile (95% level, positive). The other significant 

SOUP coefficients are for goat value at Endline 1 at the 75th percentile (99% level, positive) and 

at Follow-Up at the 90th percentile (95% level, positive). Thus, it appears that households are 

using some of the benefits of saving to invest in livestock, particularly fowls and in some cases 

goats. It may be that households save through SOUP and then use these funds later to buy 

livestock, use the matching amount to buy livestock, or that the saving and the matching amount 

leads to other benefits that in turn increase livestock value. 

5.1.4 Household-Level Non-Economic Indices 

I illustrate the quantile treatment effects for household-level non-economic indices (the 

political involvement index, female empowerment index, time work index, physical health index, 

and mental health index) for Endline 1 and Follow-Up in Fig. 5.1.4a and the interquantile effects 

in Fig. 5.1.4b.  

The quantile and interquantile regressions for the political involvement index do not 

converge for any quantiles at either endline, thus I cannot draw conclusions in this area.  

For the female empowerment index, quantile regressions converged for a few quantiles at 

both endlines, but the only significant effect was a positive effect for Asset-Only at the 25th 

percentile of Endline 1, significant at the 99% level. Given that the effect at the 25th percentile is 

isolated, the effect I found is likely to simply be an artifact of testing many hypotheses and not 

have important theoretical implications. The interquantile regressions illustrate several 

significant differences between quantiles, but given that none of the treatments have any effect 

(except the one described above) on the quantiles, I do not interpret these results to be 

meaningful.  
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Most quantile regressions converged for the time at work index, but I could not analyze 

interquantile effects because of problems with convergence. Asset-Only is found to have positive 

effects on the 75th and 90th percentiles of both Endline 1 and Follow-Up that are significant at the 

99% level. Building upon the fact that Asset-Only has a positive effect on the asset index at these 

same quantiles, it could be plausible that these quantiles invested more time to working with the 

additional livestock. The effect could reasonably work in either direction: more time spent with 

livestock could increase its value, or more livestock could increase the amount of time necessary 

to spend. Additionally, GUP and SOUP both have positive effects on the time index at the 75 th 

percentile at Endline 1 that are significant at the 95% level. Given that these effects are isolated, 

it is not certain whether they are meaningful.  

There was no other significant effect for the time index, which is intriguing. Perhaps 

GUP households used the training they received to become more efficient and spend the same 

amount of time doing more work, or doing higher-paying work. Or the consumption supports 

may have enabled households to be able to afford to work less.   

For the physical health index, only three quantiles converged, two of which had estimates 

of zero (due to the standardized nature of the variables), and the interquantile regressions did not 

yield meaningful results, so it is not possible to draw proper conclusions based on such limited 

information.  

For the mental health index, most quantile regressions converged. At Endline 1 for GUP, 

the only significant effect (positive) is at the 25th percentile. This appears to be an isolated effect 

within Endline 1, so I cannot draw substantive conclusions. At Endline 1 for SOUP, the only 

significant effects are positive effects at the 10th and 25th percentiles significant at the 95% and 

99% level. One possible interpretation is that SOUP, possibly mediated through other effects, 
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provided a “boost” for mental health at the lower end of the distribution. For Asset Only, the 

significant effects were at the 10th percentile of Endline 1 and the 25th percentile of Follow-Up, 

both negative and both significant at the 99% level. One theory could be that the negative effects 

of the Asset-Only program on lower quantiles of other variables contributed to worsening mental 

health. I explore the interactions between mental health and other variables in detail in 5.2. 

5.2 Interaction Effects 

 In these sections, I consider whether different baseline values of physical or mental health 

interact with the treatments to lead to differential outcomes. The theory is that physical or mental 

health may impact individuals’ ability to utilize the help offered by programs, and individuals in 

different states of health may require different types or levels of support. Because the study did 

not measure baseline physical or mental health for Asset-Only program households, I excluded 

these households from the following analyses. I also break down SOUP into its “with match” and 

“without match” treatment arms, and I break down GUP into its “with savings” and “without 

savings” treatment arms. These distinctions were not possible with quantile analysis due to issues 

of convergence, but here yield a richer analysis.  

5.2.1 Physical Health and Economic Indices 

 First, I discuss what role baseline physical health may have in mediating the treatment 

effect on economic indices: consumption, food security, asset value, financial inclusion, and 

income. Fig. 5.2.1 illustrates the coefficients for the interaction terms between the baseline 

mental health index and the various treatments for Endline 1, and Fig. 5.2.1b illustrates those for 

Follow-Up. 

 First turning to the consumption index, I find that there are no significant interaction 

effects between baseline mental health and the treatments at Endline 1; however, at Follow-Up, 
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GUP without savings and GUP overall are significant at the 99% level with negative 

coefficients. The magnitude of this effect is substantial. At Follow-Up, the total effect of GUP on 

the consumption index for a household whose primary adult member is in the 10th percentile of 

baseline health (for the dataset of primary adult members) is .195; if the member is in the 90th 

percentile of baseline health, this effect is only .037. The total effect of GUP without saving is 

even more pronounced: .290 for the 10th percentile of baseline health and .043 for the 90th 

percentile. The extra support provided by GUP may have been especially useful for those with 

worse physical health in generating funds that were then used for consumption at Follow-Up, 

and it may have taken additional time for this effect to materialize, given these individuals’ lower 

physical ability. Furthermore, individuals with lower levels of physical health may have been 

more likely to use funds for consumption rather than other purposes like investment in assets or 

businesses; they may have needed the consumption more and may not have been able to extract 

as much value from the assets.  

 On the food security index, only SOUP with match had a significant interaction effect—

this was a relatively small magnitude negative coefficient at Follow-Up significant only at the 

90% level. On the income index, there were no significant interaction effects. Thus, I do not 

consider physical health to help mediate the treatments’ effects on the food security or income 

indices.  

 The results appear more meaningful for the asset value index. Interactions between 

baseline mental health and the following treatment types are significant: (at Endline 1) GUP with 

savings (just below 99% level, positive coefficient), SOUP without matching (90% level, 

positive coefficient); (at Follow-Up) SOUP match (just below 95% level, negative coefficient). It 

is plausible that individuals with lower physical ability were not as capable of productively using 
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the asset provided by GUP; perhaps they also chose not to acquire more assets with the 

additional income developed through GUP because they knew they could not use them 

productively. Opposite coefficients for interactions with SOUP without matching and SOUP 

with matching may make theoretical sense. Individuals with lower physical health may not be as 

able to generate income to save and in turn less likely to use savings for asset purchases, thus 

SOUP without matching is less effective for them. If instead individuals with lower physical 

health are provided with some funds, such as through matching, they may be able to save and use 

these “extra” funds to invest in assets.  

 For the financial inclusion index, there are significant positive interaction effects at 

Endline 1 for GUP savings (95% level), at Endline 1 for overall GUP (10% level), and at 

Follow-Up for GUP savings (just below the 95% level). Given that GUP with savings was 

significant but GUP without savings was not, the direct savings channel appears to be important. 

It is plausible that individuals with lower levels of physical health were either (or both) 1) less 

able to utilize the GUP supports to develop funds to save or 2) less likely to save the funds they 

did develop because they needed them for other purposes, such as consumption. Given that the 

interaction effect between physical health and GUP in the income regression is negative, the 

latter explanation may be more likely. Banerjee et al. (2018) shows that GUP without savings 

has notably less effect on savings than GUP with savings, so given a small effect size it is not 

surprising that there is no detectable physical health interaction effect. 

 However, after I applied the multiple inference correction, some of these results were no 

longer significant. This indicates that, while physical health appears to affect how these 

programs impact individuals, the results are inconclusive, and more study is needed on the 

matter.   
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5.2.2 Mental Health and Economic Indices 

I now discuss how interactions between baseline mental health and the treatments affect 

household-level economic indices. Fig. 5.2.2a illustrates the coefficients for the interaction terms 

between the baseline mental health index and the various treatments for Endline 1, and Fig. 

5.2.2b illustrates those for Follow-Up.  

For the consumption index, the following treatment types are significant when interacted 

with baseline mental health: (at Endline 1) SOUP (99% level, positive coefficient), SOUP 

without match (95% level, positive coefficient), SOUP with match (95% level, positive 

coefficient), and GUP with savings (90% level, negative coefficient); (at Follow-Up) SOUP 

(99% level, positive coefficient), SOUP without match (just below the 95% level, positive 

coefficient), SOUP with match (90% level, positive coefficient). Combining this result with the 

fact that SOUP successfully increased savings (Banerjee et al. 2018), a possible interpretation is 

that those who began SOUP with better mental health were better able to take advantage of the 

program—their better mental health encouraged them to save more, which in turn improved their 

consumption later on. These effects are particularly notable because the SOUP program itself did 

not have a significant effect on the consumption index at Follow-Up; SOUP may have been 

helpful in improving consumption for individuals with better mental health. On the other hand, 

GUP with savings, which provided a greater level of support than SOUP, including life skills 

coaching, may have been particularly beneficial in helping those with worse mental health to 

consume. 

For the food security index, none of the interaction effects are significant at Endline 1, 

and at Follow-Up the only significant one is GUP without savings at the 90% level with a 
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positive coefficient. Therefore, it is not likely that mental health mediates the effect of the 

programs on the food security or asset value indices. 

For the income index, none of the interaction terms were significant at Endline 1. At 

Follow-Up, the interaction with GUP with savings is significant at the 90% level with a positive 

coefficient, and the interaction with GUP is significant at just below that 95% level with a 

positive coefficient. Given that Banerjee et al. (2018) showed that GUP was successful in 

helping individuals increase their income in the longer term, it is plausible that having better 

mental health at baseline allowed individuals to be more motivated and better able to do so and 

have higher income by Follow-Up.  

Turning to the financial inclusion index, the following treatment types are significant 

when interacted with baseline mental health: (at Endline 1) SOUP without matching (95% level, 

negative coefficient), SOUP (90% level, negative coefficient); (at Follow-Up) GUP with saving 

(95% level, positive coefficient), GUP (90% level, positive coefficient). Given that SOUP 

without matching was significant, the nudge of having savings collectors visit households and 

ask to collect savings may be especially helpful for those with lower levels of mental health. 

However, it is interesting that GUP with saving, which also had savings collectors, did not have 

an effect at Endline 1 and had the opposite coefficient at Endline 2. As discussed above, 

individuals with better mental health appear to benefit more from GUP in terms of income at 

Follow-Up, giving these individuals funds to save at Follow-Up; this channel may be more 

important than the “nudge” channel I proposed for SOUP.   

On the asset value index, there is a significant, negative interaction effect for SOUP 

without matching at the 95% level at Endline 1 and at the 90% level at Follow-Up. While this is 

limited evidence, it may be related to the “nudge” effect discussed above; individuals with 
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poorer mental health were affected more by the implicit encouragement to save, and they may 

have used some of these savings to acquire assets.  

As in 5.2.1, some of the effects described above did not survive the multiple inference 

correction. Thus, while there appear to be some patterns in the way mental health affects 

treatment effects, there is still a level of uncertainty and the issue merits further investigation.  

5.2.3 Physical Health and Non-Economic Indices 

For regressions on non-economic indices, Fig. 5.2.3a illustrates the coefficients for the 

interaction terms between the baseline physical health index and the various treatments for 

Endline 1, and Fig. 5.2.3b illustrates those for Follow-Up. The non-economic indices considered 

were time at work, political involvement, and female empowerment.  

At Endline 1, the significant interaction terms are as follows: interaction between SOUP 

and baseline physical health on the political involvement index (95% level, positive); the 

interaction between SOUP without matching and baseline physical health on the political 

involvement index (90% level, positive); interaction between GUP with savings and baseline 

physical health on the female empowerment index (95%, positive); interaction between SOUP 

with matching and baseline physical health on the female empowerment index (90% level, 

positive). It is not clear whether these effects have important interpretations, especially since the 

q-values from the multiple inference correction are not significant. One theory is that the 

treatments increased individuals’ desire to go to town meetings, and then those individuals with 

better physical health were more capable of actually attending. Women with better physical 

health may be more likely to build off gains they made from the program and assert more 

influence on decision-making.  
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At Follow-Up, the only significant interaction effect is between SOUP and baseline 

physical health in the regression on time at work index; because it is only significant at the 10% 

level, is isolated, and its associated q-value is not significant, I do not interpret this result to be 

meaningful.  

5.2.4 Mental Health and Non-Economic Indices 

For regressions on non-economic indices, Fig. 5.2.4a illustrates the coefficients for the 

interaction terms between the baseline physical health index and the various treatments for 

Endline 1, and Fig. 5.2.4b illustrates those for Follow-Up. The non-economic indices considered 

were time at work, political involvement, and female empowerment.  

At Endline 1, the only significant interaction term is for the regression on time at work 

index: SOUP with matching at the 10% level with a negative coefficient.  At Follow-Up, the 

significant interaction terms are for the regression on the time at work index—GUP with savings 

at just below the 95% level with a positive coefficient—and for the regression on the female 

empowerment index—SOUP with matching at the 10% level with a negative coefficient. It is 

unclear whether these results are meaningful, given their isolated nature, low significance levels, 

and insignificant q-values.   

6 Conclusion 

6.1 Summary of Results 

  In this thesis, I find strong evidence that the Graduating from Ultra-Poverty (GUP), 

Saving Out of Ultra-Poverty (SOUP) and Asset-Only programs have heterogeneous effects in a 

number of ways. I begin by performing quantile and interquantile regression to investigate 

whether different parts of the distribution of indexed outcome variables are affected differently 

by the programs. To understand what drives the heterogeneity that I found, I then unpack these 
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economic and non-economic indices and perform further quantile and interquantile regressions 

on their key components. Additionally, motivated by literature on the impacts of poor physical 

and mental health on those in poverty, I investigate whether baseline physical and mental health 

interact with the programs to affect economic and non-economic indices. For each analysis, I 

consider data from shortly after the programs concluded (“Endline 1”) and from a follow-up 

survey a year later (“Follow-Up”) with the goal of distinguishing between short term and 

sustained impacts.  

  The quantile and interquantile analyses have many interesting results, and I list the most 

notable here. For economic indices, I find that GUP and SOUP are successful in increasing 

income and asset value at nearly all quantiles for both endlines, and often that the effects are 

higher for higher quantiles. By contrast, for these same indices Asset-Only has negative effects 

on some quantiles, in particular those at the lower end of the distribution at Endline 1, and 

positive effects on others, in particular the upper quantiles at Follow-Up. Breaking down the 

income index reveals that GUP has positive or neutral effects on almost all components, while 

Asset-Only has especially negative effects on business income and animal revenue but some 

positive effects on crop income and wage income at higher quantiles, especially at Follow-Up. 

Unpacking the asset index reveals that GUP’s effect on the asset index is similar to its effect on 

total livestock value and goat value. While Asset-Only successfully improved goat value, 

especially for higher quantiles, its mixed effects on other types of livestock drove the negative or 

neutral effects for the lower asset index quantiles. Perhaps surprisingly, SOUP has positive 

effects on asset value through its effects on livestock value. I find that Asset-Only has some 

negative impacts on consumption and financial inclusion indices, often especially at the higher 
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quantiles and at Follow-Up. For the non-economic indices, the quantile and interquantile effects 

are much less clear and interpretable; I explore possible implications in 5.1.4. 

  The overall implication of the quantile analysis is that GUP’s additional support is often 

crucial to produce positive effects—and sometimes to avoid negative effects—on individual 

quantiles. While Asset-Only’s average effects shown in Banerjee et al. (2018) are usually close 

to zero and insignificant, this often masks substantial negative effects on some quantiles, in some 

cases on the poorest housholds. Furthermore, while Banerjee et al. (2018) shows that on average 

in the long run SOUP mainly just increases savings, and not other indicators, I show that SOUP 

does in fact impact other indicators on specific parts of their distribution.  

  My interaction effects analysis reveals that physical and mental health play a role in 

mediating the effect of programs on households. The programs I analyze in this section are 

overall GUP, GUP with savings, GUP without savings, SOUP with matching, and SOUP without 

matching. The underlying mechanisms appear to be complex and often specific to different 

programs, and I explore these mechanisms in detail in the above sections. I find that all SOUP 

programs have greater impact on consumption for individuals with better mental health. GUP, on 

the other hand, has a greater impact on consumption at Endline 1 for individuals with poorer 

mental health. For income and financial inclusion at Follow-Up, GUP has greater effects on 

individuals with better mental health. SOUP with matching and SOUP overall have greater 

effects on financial inclusion at Endline 1 for individuals with poorer mental health.   

  The effects for physical health exhibit some similar patterns. GUP has a greater impact 

on consumption at Follow-Up for individuals with poorer health. For asset value, GUP has larger 

effects at Endline 1 for individuals with better health. Again, for asset value, at Endline 1 SOUP 

without matching is more effective for those with better health; at Follow-Up SOUP with 
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matching is more effective for the opposite group. Finally, for financial inclusion, GUP with 

savings and GUP overall had larger effects for individuals with better health; at Follow-Up, only 

the GUP savings effect persisted. The precise mechanisms behind these effects remain a puzzle. 

  For interaction effects, I highlight that programs often have an interaction effect on 

consumption in one direction, and then an interaction effect on financial inclusion, income, and 

asset value in the opposite direction. This may be because consumption satisfies a more 

immediate, short term need, while the other variables relate more to the medium term. After the 

multiple hypothesis correction, some of these effects are no longer significant, adding a level of 

ambiguity and indicating that more research is needed. 

  Overall, I find strong evidence for heterogeneous effects driven by complex mechanisms 

that differ for the various programs. It is clear that different programs are more beneficial for 

different subsets of individuals and that these effects are strong enough to be considered when 

designing and implementing programs.  

6.2 Limitations and Avenues for Future Research 

One important limitation to this thesis is the sample size. In some cases, discussed in 

detail in 5.1, quantile and interquantile regressions failed to converge and limited the conclusions 

that I could draw. As I “unpacked” the indices into their components, there tended to be more 

convergence issues. A larger sample size would provide more observations for use in each 

quantile regression and could ameliorate this problem.  

Given that this thesis provides evidence that mental and physical health mediate some of 

the effects of anti-poverty programs, more research regarding these interactions is important. 

Studies that are specifically designed to evaluate how individuals’ mental and physical health 

affects their ability to benefit from an anti-poverty program could provide more in-depth results 
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and analysis of the mechanisms behind them. Furthermore, the context here is limited to Ghana, 

and to rural villages; it would be crucial to see whether these effects also exist in other countries 

and settings.  

In most cases in this thesis, data on mental health was available for only one adult 

member of the household. Even in cases when mental health data was available for additional 

adults, it was not clear why this data was collected for another adult, and so I could not include 

this additional data without biasing my results. A useful extension would be to simply collect 

mental health data on all adults in the household. Additionally, the mental health data in this 

thesis is self-reported by individuals. Self-reporting mental health in particular may introduce 

biases, and this could also be affected by cultural norms. Therefore, having a staff member 

conduct evaluations, while substantially more expensive, could be more accurate.  

 Another limitation and potential extension relate to physical health data. A primary adult 

in the household self-reported her/his own physical health and the health of other household 

members. Because I did not find a meaningful method of incorporating all individuals’ health 

into interaction effects, I used only the primary adult’s health for my analysis. Since I provide 

evidence that the health of the primary adult is important for how a program affects the 

household, it may be worthwhile to devise a study and analysis scheme that could incorporate the 

health of other household members.  

 Therefore, while it has its limitations, this thesis demonstrates the importance of 

analyzing programs’ heterogeneous effects and presents several promising avenues for future 

research, with the goal of tailoring anti-poverty programs more specifically to individuals’ needs.  
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8 Appendix

Figure 3.1.3a

Table 1: Descriptive Statistics for Baseline Indicators (Excluding Asset Only and Asset Only Control)

ctrl HHs GUP
savings

GUP no
savings

SOUP no
match

SOUP
match

p-value,
F-test joint

sig

asset value index .01 0 -.01 -.02 -.04 .93
1.06 .9 .84 .88 .9

consumption index 0 -.01 -.06 .01 .04 .7
1 1.04 .91 1 1.04

financial inclusion index -.02 .07 -.11 .13 .06 0
.96 1.07 .69 1.27 1.11

food security index -.04 .05 0 .11 .1 .06
.98 1.02 1.02 1.04 1.06

income index -.01 .07 -.04 -.02 .09 .32
1.01 1.03 .94 .93 1.02

household has business .36 .38 .38 .37 .41 .35
.48 .49 .49 .48 .49

business income, monthly (USD) 8.26 11.45 7.86 8.89 11.69 .08
22.9 29.37 22 23.92 26.06

crop income, monthly (USD) 30.84 31.96 30.35 30.16 32.62 .92
46.07 44.46 43.29 40.55 43.22

wage income, monthly (USD) 2.47 2.57 2.19 2.39 2.83 .93
9.6 9.14 8.07 8.32 10.51

goat value (USD) 99.05 112.37 102.9 88.27 90.73 .27
163.41 175.82 154.95 149.22 142.58

fowl value (USD) 43.58 54.83 54.72 45.85 40.74 .05
75.86 86.59 97.45 72.22 70.03

pig value (USD) 5.71 8.47 9.47 6.71 3.68 .34
38.19 45.6 49.75 42.99 33.06

sheep value (USD) 102.98 102.31 90.75 91.8 100.93 .85
236.18 223.82 220.19 212.96 229.89

cow value (USD) 80.18 111.71 41.07 82.55 89.39 .15
430.78 490.84 304.43 467.87 454.54

total livestock value (USD) 280.04 301.76 237.75 268.03 294.42 .45
790.08 591.81 393.37 686.04 1044.85

physical health index -.01 .04 .03 -.02 .06 .12
1.01 .97 .98 1.02 .95

mental health index -.02 0 -.04 .12 .05 .16
1.01 .98 .93 1.03 .97

political involvement index .01 .04 0 -.13 .01 .15
1 1 1 1.01 1

female empowerment index 0 .05 .01 -.02 -.05 .76
.99 1.03 1.03 1.01 .98

This table contains the means and standard deviations at baseline for important variables. The p-value in the rightmost column is from an
F-test for joint significance of the five groups listed. Monthly animal revenue and time at work are excluded because they were not
measured at baseline. The Asset-Only and Asset-Only Control groups are excluded because I do not have baseline data for these
households. Physical and mental health statistics are for all individuals for which I have data.
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Figure 5.1.1a

Table 2: Quantile Regressions for Asset Value Index at Endline 1
(1) (2) (3) (4) (5)

Q(0.10) Q(0.25) Q(0.50) Q(0.75) Q(0.90)

GUP 0.051∗∗∗ 0.083∗∗∗ 0.141∗∗∗ 0.159∗∗∗ 0.128
(0.003) (0.000) (0.000) (0.000) (0.412)

SOUP 0.031∗∗ 0.065∗∗∗ 0.055∗∗∗ 0.102∗∗ 0.368∗∗

(0.040) (0.001) (0.006) (0.024) (0.042)

Asset -0.404∗∗∗ -0.336∗∗∗ -0.192∗∗∗ 0.219∗∗ 0.407∗

(0.000) (0.000) (0.001) (0.013) (0.065)

Observations 4107 4107 4107 4107 4107

p-values in parentheses
Baseline Value Controls Used
∗ p < .10, ∗∗ p < .05, ∗∗∗ p < .01

Table 3: Quantile Regressions for Asset Value Index at Follow-Up
(1) (2) (3) (4) (5)

Q(0.10) Q(0.25) Q(0.50) Q(0.75) Q(0.90)

GUP 0.096∗∗∗ 0.115∗∗∗ 0.127∗∗∗ 0.150∗∗∗ 0.059
(0.000) (0.000) (0.000) (0.001) (0.871)

SOUP 0.030 0.047∗∗ 0.086∗∗∗ 0.163∗∗∗ 0.678∗∗∗

(0.109) (0.015) (0.001) (0.000) (0.001)

Asset -0.032 0.083 0.305∗∗∗ 0.438∗∗∗ 1.314∗∗∗

(0.566) (0.145) (0.000) (0.009) (0.001)

Observations 4076 4076 4076 4076 4076

p-values in parentheses
Baseline Value Controls Used
∗ p < .10, ∗∗ p < .05, ∗∗∗ p < .01

Table 4: Quantile Regressions for Consumption Index at Endline 1
(1) (2) (3) (4) (5)

Q(0.10) Q(0.25) Q(0.50) Q(0.75) Q(0.90)

GUP 0.064∗∗∗ 0.050∗∗ 0.031 0.055 0.044
(0.003) (0.014) (0.379) (0.273) (0.705)

SOUP 0.054∗∗∗ 0.056∗∗ 0.123∗∗∗ 0.141∗∗∗ 0.197∗

(0.008) (0.036) (0.000) (0.007) (0.086)

Asset -0.269∗∗∗ -0.196∗∗ -0.063 0.165 -1.338∗∗∗

(0.000) (0.043) (0.574) (0.505) (0.000)

Observations 4006 4006 4006 4006 4006

p-values in parentheses
Baseline Value Controls Used
∗ p < .10, ∗∗ p < .05, ∗∗∗ p < .01
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Table 5: Quantile Regressions for Consumption Index at Follow-Up
(1) (2) (3) (4) (5)

Q(0.10) Q(0.25) Q(0.50) Q(0.75) Q(0.90)

GUP 0.041∗∗ 0.025 0.026 0.040 0.090
(0.012) (0.157) (0.333) (0.346) (0.183)

SOUP 0.004 0.019 0.037 0.076∗∗ 0.141∗

(0.835) (0.316) (0.158) (0.030) (0.075)

Asset 0.285∗∗∗ 0.199 0.095 -0.420∗∗ -1.625∗∗∗

(0.000) (0.340) (0.443) (0.029) (0.000)

Observations 3883 3883 3883 3883 3883

p-values in parentheses
Baseline Value Controls Used
∗ p < .10, ∗∗ p < .05, ∗∗∗ p < .01

Table 6: Quantile Regressions for Financial Inclusion Index at Endline 1
(1) (2)

Q(0.75) Q(0.90)

GUP 0.963∗∗∗ 2.747∗∗∗

(0.000) (0.000)

SOUP 0.918∗∗∗ 1.829∗∗∗

(0.000) (0.000)

Asset 0.066 -5.082∗∗∗

(0.548) (0.000)

Observations 3977 3977

p-values in parentheses
Baseline Value Controls Used
∗ p < .10, ∗∗ p < .05, ∗∗∗ p < .01

Table 7: Quantile Regressions for Financial Inclusion Index at Follow-Up
(1) (2)

Q(0.75) Q(0.90)

GUP 0.710∗∗∗ 1.383∗∗∗

(0.002) (0.000)

SOUP 0.197∗∗∗ 0.569∗∗∗

(0.000) (0.009)

Asset 0.000 -1.929∗∗∗

(1.000) (0.000)

Observations 3893 3893

p-values in parentheses
Baseline Value Controls Used
∗ p < .10, ∗∗ p < .05, ∗∗∗ p < .01

Table 8: Quantile Regressions for Food Security Index at Endline 1
(1) (2) (3) (4)

Q(0.10) Q(0.25) Q(0.50) Q(0.75)

GUP 0.000 -0.001 -0.000 -0.000
(1.000) (0.960) (1.000) (1.000)

SOUP 0.000 -0.216∗∗ -0.000 -0.000
(1.000) (0.019) (1.000) (1.000)

Asset 0.000 -0.227 -1.011∗∗∗ -1.011∗∗∗

(1.000) (0.700) (0.007) (0.000)

Observations 4005 4005 4005 4005

p-values in parentheses
Baseline Value Controls Used
∗ p < .10, ∗∗ p < .05, ∗∗∗ p < .01
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Table 9: Quantile Regressions for Food Security Index at Follow-Up
(1) (2) (3)

Q(0.25) Q(0.50) Q(0.75)

GUP -0.000 0.000 0.000
(1.000) (1.000) (1.000)

SOUP -0.000 0.000 0.000
(1.000) (1.000) (1.000)

Asset 0.667∗∗∗ -0.677∗∗∗ -1.011∗∗∗

(0.000) (0.000) (0.000)

Observations 3893 3893 3893

p-values in parentheses
Baseline Value Controls Used
∗ p < .10, ∗∗ p < .05, ∗∗∗ p < .01

Table 10: Quantile Regressions for Income Index at Endline 1
(1) (2) (3) (4) (5)

Q(0.10) Q(0.25) Q(0.50) Q(0.75) Q(0.90)

GUP 0.014 0.052∗∗ 0.103∗∗∗ 0.179∗∗∗ 0.232∗∗

(0.325) (0.031) (0.004) (0.009) (0.018)

SOUP 0.010 0.024 0.058 0.080 0.243∗∗∗

(0.505) (0.209) (0.101) (0.197) (0.009)

Asset -0.432∗∗∗ -0.294∗∗∗ -0.422∗∗∗ -0.266 -1.024∗∗∗

(0.000) (0.007) (0.001) (0.146) (0.000)

Observations 4108 4108 4108 4108 4108

p-values in parentheses
Baseline Value Controls Used
∗ p < .10, ∗∗ p < .05, ∗∗∗ p < .01

Table 11: Quantile Regressions for Income Index at Follow-Up
(1) (2) (3) (4) (5)

Q(0.10) Q(0.25) Q(0.50) Q(0.75) Q(0.90)

GUP 0.048∗∗ 0.086∗∗∗ 0.145∗∗∗ 0.304∗∗∗ 0.380∗∗

(0.015) (0.000) (0.005) (0.000) (0.018)

SOUP -0.005 0.014 0.027 0.012 0.146
(0.750) (0.536) (0.569) (0.869) (0.287)

Asset -0.233 -0.284∗∗ -0.282∗ 0.415∗∗∗ 0.710∗∗∗

(0.266) (0.038) (0.098) (0.008) (0.000)

Observations 4084 4084 4084 4084 4084

p-values in parentheses
Baseline Value Controls Used
∗ p < .10, ∗∗ p < .05, ∗∗∗ p < .01
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Figure 5.1.1b

Table 12: Interquantile Regressions for Asset Value Index at Endline 1
(1) (2) (3) (4) (5) (6) (7) (8) (9) (10)

Q(0.25)-Q(0.10) Q(0.50)-Q(0.10) Q(0.75)-Q(0.10) Q(0.90)-Q(0.10) Q(0.50)-Q(0.25) Q(0.75)-Q(0.25) Q(0.90)-Q(0.25) Q(0.75)-Q(0.50) Q(0.90)-Q(0.50) Q(0.90)-Q(0.75)

GUP 0.032∗ 0.090∗∗∗ 0.108∗∗∗ 0.077 0.057∗∗∗ 0.076∗∗ 0.044 0.019 -0.013 -0.032
(0.061) (0.001) (0.001) (0.672) (0.004) (0.040) (0.781) (0.576) (0.937) (0.827)

SOUP 0.034∗∗ 0.025 0.071 0.337 -0.010 0.037 0.303 0.046 0.312 0.266
(0.044) (0.160) (0.141) (0.136) (0.555) (0.435) (0.231) (0.254) (0.229) (0.236)

Assets 0.068 0.211∗∗∗ 0.622 0.810∗ 0.144∗∗ 0.554 0.742∗ 0.411 0.599 0.188
(0.151) (0.003) (0.158) (0.081) (0.023) (0.122) (0.086) (0.238) (0.136) (0.661)

Observations 4107 4107 4107 4107 4107 4107 4107 4107 4107 4107

p-values in parentheses
Baseline Value Controls Used
∗ p < .10, ∗∗ p < .05, ∗∗∗ p < .01

Table 13: Interquantile Regressions for Asset Value Index at Follow-Up
(1) (2) (3) (4) (5) (6) (7) (8) (9) (10)

Q(0.25)-Q(0.10) Q(0.50)-Q(0.10) Q(0.75)-Q(0.10) Q(0.90)-Q(0.10) Q(0.50)-Q(0.25) Q(0.75)-Q(0.25) Q(0.90)-Q(0.25) Q(0.75)-Q(0.50) Q(0.90)-Q(0.50) Q(0.90)-Q(0.75)

GUP 0.018 0.031 0.054 -0.037 0.013 0.036 -0.056 0.023 -0.068 -0.092
(0.401) (0.311) (0.191) (0.889) (0.609) (0.439) (0.832) (0.528) (0.797) (0.722)

SOUP 0.017 0.057∗∗ 0.133∗∗ 0.648∗∗∗ 0.039∗ 0.115∗∗∗ 0.630∗∗ 0.076∗∗ 0.591∗∗ 0.515∗∗

(0.328) (0.026) (0.018) (0.007) (0.066) (0.009) (0.026) (0.042) (0.028) (0.050)

Assets 0.115∗∗ 0.337∗∗ 0.470∗∗∗ 1.346∗∗∗ 0.222 0.354∗∗ 1.231∗∗∗ 0.133 1.009∗∗∗ 0.877∗∗∗

(0.020) (0.029) (0.006) (0.000) (0.115) (0.048) (0.000) (0.469) (0.000) (0.008)

Observations 4076 4076 4076 4076 4076 4076 4076 4076 4076 4076

p-values in parentheses
Baseline Value Controls Used
∗ p < .10, ∗∗ p < .05, ∗∗∗ p < .01
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Table 14: Interquantile Regressions for Consumption Index at Endline 1
(1) (2) (3) (4) (5) (6) (7) (8) (9) (10)

Q(0.25)-Q(0.10) Q(0.50)-Q(0.10) Q(0.75)-Q(0.10) Q(0.90)-Q(0.10) Q(0.50)-Q(0.25) Q(0.75)-Q(0.25) Q(0.90)-Q(0.25) Q(0.75)-Q(0.50) Q(0.90)-Q(0.50) Q(0.90)-Q(0.75)

GUP -0.014 -0.032 -0.008 -0.019 -0.018 0.006 -0.006 0.024 0.013 -0.011
(0.518) (0.318) (0.851) (0.883) (0.479) (0.901) (0.962) (0.508) (0.906) (0.912)

SOUP 0.002 0.069∗∗ 0.087 0.143 0.067∗∗ 0.085∗ 0.141 0.018 0.074 0.056
(0.927) (0.021) (0.152) (0.231) (0.032) (0.059) (0.390) (0.605) (0.614) (0.570)

Assets 0.074 0.206 0.434 -1.069 0.132 0.360 -1.142 0.228 -1.275 -1.503∗

(0.495) (0.191) (0.548) (0.243) (0.349) (0.538) (0.219) (0.699) (0.122) (0.085)

Observations 4006 4006 4006 4006 4006 4006 4006 4006 4006 4006

p-values in parentheses
Baseline Value Controls Used
∗ p < .10, ∗∗ p < .05, ∗∗∗ p < .01

Table 15: Interquantile Regressions for Consumption Index at Follow-Up
(1) (2) (3) (4) (5) (6) (7) (8) (9) (10)

Q(0.25)-Q(0.10) Q(0.50)-Q(0.10) Q(0.75)-Q(0.10) Q(0.90)-Q(0.10) Q(0.50)-Q(0.25) Q(0.75)-Q(0.25) Q(0.90)-Q(0.25) Q(0.75)-Q(0.50) Q(0.90)-Q(0.50) Q(0.90)-Q(0.75)

GUP -0.016 -0.016 -0.001 0.048 0.000 0.015 0.064 0.015 0.064 0.049
(0.378) (0.530) (0.979) (0.463) (0.988) (0.684) (0.347) (0.634) (0.318) (0.527)

SOUP 0.015 0.033 0.072∗ 0.137∗ 0.018 0.057 0.122 0.040 0.105 0.065
(0.339) (0.236) (0.078) (0.053) (0.323) (0.113) (0.128) (0.159) (0.174) (0.260)

Assets -0.086 -0.190 -0.705 -1.910∗∗∗ -0.104 -0.619 -1.824∗∗∗ -0.515 -1.720∗∗∗ -1.205
(0.848) (0.736) (0.447) (0.009) (0.886) (0.537) (0.003) (0.542) (0.007) (0.179)

Observations 3883 3883 3883 3883 3883 3883 3883 3883 3883 3883

p-values in parentheses
Baseline Value Controls Used
∗ p < .10, ∗∗ p < .05, ∗∗∗ p < .01
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Table 16: Interquantile Regressions for Financial Inclusion Index at Endline 1
(1) (2) (3) (4) (5) (6) (7) (8) (9) (10)

Q(0.25)-Q(0.10) Q(0.50)-Q(0.10) Q(0.75)-Q(0.10) Q(0.90)-Q(0.10) Q(0.50)-Q(0.25) Q(0.75)-Q(0.25) Q(0.90)-Q(0.25) Q(0.75)-Q(0.50) Q(0.90)-Q(0.50) Q(0.90)-Q(0.75)

GUP 0.000 0.000 0.000 0.000 0.000 0.963∗∗∗ 2.747∗∗∗ 0.963∗∗∗ 2.747∗∗∗ 1.784∗∗∗

(1.000) (1.000) (1.000) (1.000) (1.000) (0.000) (0.000) (0.000) (0.000) (0.000)

SOUP 0.000 0.000 0.000 0.000 0.000 0.918∗∗∗ 1.829∗∗∗ 0.918∗∗∗ 1.829∗∗∗ 0.912∗∗∗

(1.000) (1.000) (1.000) (1.000) (1.000) (0.000) (0.000) (0.000) (0.000) (0.000)

Assets 0.000 0.000 0.000 0.000 0.000 0.066 -5.082∗∗∗ 0.066 -5.082∗∗∗ -5.147
(1.000) (1.000) (1.000) (1.000) (1.000) (0.741) (0.000) (0.741) (0.000) (0.105)

Observations 3977 3977 3977 3977 3977 3977 3977 3977 3977 3977

p-values in parentheses
Baseline Value Controls Used
∗ p < .10, ∗∗ p < .05, ∗∗∗ p < .01

Table 17: Interquantile Regressions for Financial Inclusion Index at Follow-Up
(1) (2) (3) (4) (5) (6) (7) (8) (9) (10)

Q(0.25)-Q(0.10) Q(0.50)-Q(0.10) Q(0.75)-Q(0.10) Q(0.90)-Q(0.10) Q(0.50)-Q(0.25) Q(0.75)-Q(0.25) Q(0.90)-Q(0.25) Q(0.75)-Q(0.50) Q(0.90)-Q(0.50) Q(0.90)-Q(0.75)

GUP 0.000 0.000 0.710∗∗∗ 1.383∗∗∗ 0.000 0.710∗∗∗ 1.383∗∗∗ 0.710∗∗∗ 1.383∗∗∗ 0.673∗

(1.000) (1.000) (0.000) (0.000) (1.000) (0.000) (0.000) (0.000) (0.000) (0.054)

SOUP 0.000 0.000 0.197∗∗∗ 0.569∗∗∗ 0.000 0.197∗∗∗ 0.569∗∗∗ 0.197∗∗∗ 0.569∗∗∗ 0.372∗

(1.000) (1.000) (0.000) (0.006) (1.000) (0.000) (0.006) (0.000) (0.006) (0.084)

Assets 0.000 0.000 -0.000 -1.929∗∗∗ 0.000 -0.000 -1.929∗∗∗ -0.000 -1.929∗∗∗ -1.929
(1.000) (1.000) (1.000) (0.001) (1.000) (1.000) (0.001) (1.000) (0.001) (0.170)

Observations 3893 3893 3893 3893 3893 3893 3893 3893 3893 3893

p-values in parentheses
Baseline Value Controls Used
∗ p < .10, ∗∗ p < .05, ∗∗∗ p < .01
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Table 18: Interquantile Regressions for Food Security Index at Endline 1
(1) (2) (3) (4) (5) (6) (7) (8) (9) (10)

Q(0.25)-Q(0.10) Q(0.50)-Q(0.10) Q(0.75)-Q(0.10) Q(0.90)-Q(0.10) Q(0.50)-Q(0.25) Q(0.75)-Q(0.25) Q(0.90)-Q(0.25) Q(0.75)-Q(0.50) Q(0.90)-Q(0.50) Q(0.90)-Q(0.75)

GUP -0.001 -0.000∗ -0.000 0.000 -0.000∗∗∗ -0.000∗∗∗ 0.000 0.000 0.000 0.000
(0.111) (0.069) (1.000) (1.000) (0.000) (0.000) (1.000) (1.000) (1.000) (1.000)

SOUP -0.216∗∗∗ -0.000 -0.000 0.000 -0.000∗∗∗ -0.000∗∗∗ 0.000 0.000 0.000 0.000
(0.000) (1.000) (0.191) (1.000) (0.000) (0.000) (1.000) (1.000) (1.000) (1.000)

Assets -0.227∗∗∗ -1.011∗∗ -1.011∗∗∗ 0.000 -1.011∗∗∗ -1.011∗∗∗ 0.000 -0.000 0.000 0.000
(0.000) (0.012) (0.004) (1.000) (0.000) (0.000) (1.000) (1.000) (1.000) (1.000)

Observations 4005 4005 4005 4005 4005 4005 4005 4005 4005 4005

p-values in parentheses
Baseline Value Controls Used
∗ p < .10, ∗∗ p < .05, ∗∗∗ p < .01

Table 19: Interquantile Regressions for Food Security Index at Follow-Up
(1) (2) (3) (4) (5) (6) (7) (8) (9) (10)

Q(0.25)-Q(0.10) Q(0.50)-Q(0.10) Q(0.75)-Q(0.10) Q(0.90)-Q(0.10) Q(0.50)-Q(0.25) Q(0.75)-Q(0.25) Q(0.90)-Q(0.25) Q(0.75)-Q(0.50) Q(0.90)-Q(0.50) Q(0.90)-Q(0.75)

GUP 0.000 0.000 0.000 0.000 0.000 0.000 0.000 -0.000 0.000 0.000
(1.000) (1.000) (1.000) (1.000) (0.312) (1.000) (1.000) (0.913) (1.000) (1.000)

SOUP 0.000 0.000 0.000 0.000 0.000 0.000 0.000 -0.000 0.000 0.000
(1.000) (1.000) (1.000) (1.000) (0.456) (1.000) (1.000) (1.000) (1.000) (1.000)

Assets 0.000 0.000 0.000 0.000 -1.343∗∗ -1.678∗∗ 0.000 -0.334 0.000 0.000
(1.000) (1.000) (1.000) (1.000) (0.037) (0.013) (1.000) (0.654) (1.000) (1.000)

Observations 3893 3893 3893 3893 3893 3893 3893 3893 3893 3893

p-values in parentheses
Baseline Value Controls Used
∗ p < .10, ∗∗ p < .05, ∗∗∗ p < .01
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Table 20: Interquantile Regressions for Income Index at Endline 1
(1) (2) (3) (4) (5) (6) (7) (8) (9) (10)

Q(0.25)-Q(0.10) Q(0.50)-Q(0.10) Q(0.75)-Q(0.10) Q(0.90)-Q(0.10) Q(0.50)-Q(0.25) Q(0.75)-Q(0.25) Q(0.90)-Q(0.25) Q(0.75)-Q(0.50) Q(0.90)-Q(0.50) Q(0.90)-Q(0.75)

GUP 0.038 0.089∗∗∗ 0.164∗∗ 0.218∗ 0.051 0.127∗ 0.181∗ 0.076 0.130 0.054
(0.133) (0.009) (0.018) (0.071) (0.108) (0.098) (0.073) (0.165) (0.226) (0.526)

SOUP 0.014 0.048∗ 0.070 0.233∗∗ 0.034 0.056 0.219∗∗ 0.022 0.185∗∗ 0.163
(0.302) (0.088) (0.245) (0.029) (0.203) (0.311) (0.035) (0.596) (0.035) (0.125)

Assets 0.138 0.010 0.166 -0.591 -0.128 0.028 -0.730 0.156 -0.601 -0.757
(0.364) (0.984) (0.837) (0.460) (0.751) (0.969) (0.406) (0.814) (0.448) (0.336)

Observations 4108 4108 4108 4108 4108 4108 4108 4108 4108 4108

p-values in parentheses
Baseline Value Controls Used
∗ p < .10, ∗∗ p < .05, ∗∗∗ p < .01

Table 21: Interquantile Regressions for Income Index at Follow-Up
(1) (2) (3) (4) (5) (6) (7) (8) (9) (10)

Q(0.25)-Q(0.10) Q(0.50)-Q(0.10) Q(0.75)-Q(0.10) Q(0.90)-Q(0.10) Q(0.50)-Q(0.25) Q(0.75)-Q(0.25) Q(0.90)-Q(0.25) Q(0.75)-Q(0.50) Q(0.90)-Q(0.50) Q(0.90)-Q(0.75)

GUP 0.038∗ 0.097∗∗ 0.257∗∗∗ 0.332∗ 0.059 0.218∗∗∗ 0.294 0.159∗∗∗ 0.235 0.076
(0.051) (0.027) (0.000) (0.060) (0.104) (0.003) (0.128) (0.000) (0.183) (0.691)

SOUP 0.019 0.033 0.017 0.151 0.013 -0.002 0.132 -0.015 0.118 0.134
(0.380) (0.411) (0.840) (0.178) (0.646) (0.978) (0.308) (0.812) (0.400) (0.246)

Assets -0.051 -0.048 0.648∗∗∗ 0.943∗∗∗ 0.003 0.699∗∗∗ 0.994∗∗∗ 0.696∗∗∗ 0.991∗∗∗ 0.295
(0.781) (0.829) (0.000) (0.007) (0.987) (0.001) (0.000) (0.003) (0.000) (0.260)

Observations 4084 4084 4084 4084 4084 4084 4084 4084 4084 4084

p-values in parentheses
Baseline Value Controls Used
∗ p < .10, ∗∗ p < .05, ∗∗∗ p < .01
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Figure 5.1.2a

Table 22: Quantile Regressions for Monthly Business Income (USD) at Endline 1

(1) (2) (3) (4) (5)
Q(0.10) Q(0.25) Q(0.50) Q(0.75) Q(0.90)

GUP 0.000 0.000 0.000 7.298∗∗∗ 12.822∗∗∗

(1.000) (1.000) (1.000) (0.000) (0.002)

SOUP 0.000 0.000 0.000 2.213 2.779
(1.000) (1.000) (1.000) (0.107) (0.257)

Asset 0.000 0.000 0.000 -1.742∗ -10.600∗∗∗

(1.000) (1.000) (1.000) (0.061) (0.001)

Observations 3966 3966 3966 3966 3966

p-values in parentheses
Baseline Value Controls Used
∗ p < .10, ∗∗ p < .05, ∗∗∗ p < .01

Table 23: Quantile Regressions for Monthly Business Income (USD) at Follow-Up

(1) (2) (3) (4) (5)
Q(0.10) Q(0.25) Q(0.50) Q(0.75) Q(0.90)

GUP 0.000 0.000 0.000 8.111∗∗∗ 19.417∗∗∗

(1.000) (1.000) (1.000) (0.000) (0.000)

SOUP 0.000 0.000 0.000 -0.000 3.883
(1.000) (1.000) (1.000) (1.000) (0.463)

Asset 0.000 0.000 0.000 -0.000 0.353
(1.000) (1.000) (1.000) (1.000) (0.865)

Observations 3888 3888 3888 3888 3888

p-values in parentheses
Baseline Value Controls Used
∗ p < .10, ∗∗ p < .05, ∗∗∗ p < .01

Table 24: Quantile Regressions for Monthly Crop Income (USD) at Endline 1

(1) (2) (3) (4) (5)
Q(0.10) Q(0.25) Q(0.50) Q(0.75) Q(0.90)

GUP -0.034 0.166 1.623 4.245∗ 5.455
(0.949) (0.783) (0.203) (0.072) (0.142)

SOUP 0.016 0.530 2.558∗∗ 3.581∗ 6.335
(0.975) (0.423) (0.030) (0.097) (0.200)

Asset 0.032 0.613 2.316 3.688 5.438
(0.963) (0.447) (0.116) (0.161) (0.242)

Observations 4004 4004 4004 4004 4004

p-values in parentheses
Baseline Value Controls Used
∗ p < .10, ∗∗ p < .05, ∗∗∗ p < .01

62



Table 25: Quantile Regressions for Monthly Crop Income (USD) at Follow-Up

(1) (2) (3) (4) (5)
Q(0.10) Q(0.25) Q(0.50) Q(0.75) Q(0.90)

GUP 0.106 2.771∗∗∗ 3.958∗∗ 3.414 4.513
(0.883) (0.004) (0.021) (0.414) (0.495)

SOUP -0.012 0.066 2.627 2.915 4.513
(0.984) (0.925) (0.116) (0.342) (0.507)

Asset 0.106 1.604 5.788∗∗∗ 11.206∗∗ 8.356
(0.889) (0.156) (0.004) (0.015) (0.256)

Observations 3970 3970 3970 3970 3970

p-values in parentheses
Baseline Value Controls Used
∗ p < .10, ∗∗ p < .05, ∗∗∗ p < .01

Table 26: Quantile Regressions for Monthly Animal Revenue (USD) at Endline 1

(1) (2) (3) (4) (5)
Q(0.10) Q(0.25) Q(0.50) Q(0.75) Q(0.90)

GUP 0.000 0.000 0.728∗ 2.670∗∗ -2.751
(1.000) (1.000) (0.060) (0.012) (0.148)

SOUP 0.000 0.000 0.485 -0.000 -0.324
(1.000) (1.000) (0.283) (1.000) (0.916)

Asset 0.000 0.000 -0.485 -4.854∗∗∗ -13.269∗∗∗

(1.000) (1.000) (0.135) (0.000) (0.000)

Observations 3953 3953 3953 3953 3953

p-values in parentheses
No Baseline Value Controls Used Because All Baseline Values Are Missing
∗ p < .10, ∗∗ p < .05, ∗∗∗ p < .01

Table 27: Quantile Regressions for Monthly Animal Revenue (USD) at Follow-Up

(1) (2) (3) (4) (5)
Q(0.10) Q(0.25) Q(0.50) Q(0.75) Q(0.90)

GUP 0.000 0.341∗∗∗ 2.724∗∗∗ 4.051∗∗∗ 5.070∗∗∗

(1.000) (0.000) (0.000) (0.000) (0.006)

SOUP 0.000 0.000 0.245 1.037 0.405
(1.000) (1.000) (0.465) (0.267) (0.893)

Asset 0.000 0.000 -1.133∗∗ -3.069∗∗∗ -6.478
(1.000) (1.000) (0.014) (0.000) (0.370)

Observations 4003 4003 4003 4003 4003

p-values in parentheses
No Baseline Value Controls Used Because All Baseline Values Are Missing
∗ p < .10, ∗∗ p < .05, ∗∗∗ p < .01

Table 28: Quantile Regressions for Monthly Wage Income (USD) at Endline 1

(1) (2) (3) (4) (5)
Q(0.10) Q(0.25) Q(0.50) Q(0.75) Q(0.90)

GUP 0.000 -0.000 0.000 -0.000 0.076
(1.000) (1.000) (1.000) (0.984) (0.839)

SOUP 0.000 -0.000 0.000 -0.000 -0.184
(1.000) (1.000) (1.000) (.) (0.651)

Asset 0.000 0.565∗∗∗ 0.000 0.282 3.669∗∗∗

(1.000) (0.010) (1.000) (.) (0.000)

Observations 3967 3967 3967 3967 3967

p-values in parentheses
Baseline Value Controls Used
∗ p < .10, ∗∗ p < .05, ∗∗∗ p < .01
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Table 29: Quantile Regressions for Monthly Wage Income (USD) at Follow-Up

(1) (2) (3) (4) (5)
Q(0.10) Q(0.25) Q(0.50) Q(0.75) Q(0.90)

GUP 0.000 0.000 0.000 0.000 0.324
(1.000) (1.000) (1.000) (.) (0.517)

SOUP 0.000 0.000 0.000 0.000∗∗∗ -1.282∗∗∗

(1.000) (1.000) (1.000) (0.000) (0.000)

Asset 0.000 0.000 0.000 0.000 1.942∗∗∗

(1.000) (1.000) (1.000) (.) (0.000)

Observations 3889 3889 3889 3889 3889

p-values in parentheses
Baseline Value Controls Used
∗ p < .10, ∗∗ p < .05, ∗∗∗ p < .01
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Figure 5.1.2b

Table 30: Interquantile Regressions for Monthly Crop Income (USD) at Endline 1

(1) (2) (3) (4) (5) (6) (7) (8) (9) (10)
Q(0.25)-Q(0.10) Q(0.50)-Q(0.10) Q(0.75)-Q(0.10) Q(0.90)-Q(0.10) Q(0.50)-Q(0.25) Q(0.75)-Q(0.25) Q(0.90)-Q(0.25) Q(0.75)-Q(0.50) Q(0.90)-Q(0.50) Q(0.90)-Q(0.75)

GUP 0.200 1.657 4.278 5.489 1.457 4.078 5.289 2.621 3.832 1.211
(0.744) (0.233) (0.077) (0.219) (0.161) (0.074) (0.180) (0.135) (0.331) (0.688)

SOUP 0.514 2.542∗∗ 3.565 6.319 2.028∗ 3.051 5.806 1.023 3.777 2.755
(0.489) (0.006) (0.117) (0.234) (0.022) (0.160) (0.295) (0.475) (0.358) (0.535)

Assets 0.581 2.284 3.656 5.406 1.702 3.075 4.825 1.373 3.122 1.749
(0.415) (0.178) (0.271) (0.261) (0.184) (0.178) (0.316) (0.503) (0.566) (0.702)

Observations 4004 4004 4004 4004 4004 4004 4004 4004 4004 4004

p-values in parentheses
Baseline Value Controls Used
∗ p < 0.05, ∗∗ p < 0.01, ∗∗∗ p < 0.001

Table 31: Interquantile Regressions for Monthly Crop Income (USD) at Follow-Up

(1) (2) (3) (4) (5) (6) (7) (8) (9) (10)
Q(0.25)-Q(0.10) Q(0.50)-Q(0.10) Q(0.75)-Q(0.10) Q(0.90)-Q(0.10) Q(0.50)-Q(0.25) Q(0.75)-Q(0.25) Q(0.90)-Q(0.25) Q(0.75)-Q(0.50) Q(0.90)-Q(0.50) Q(0.90)-Q(0.75)

GUP 2.665∗∗ 3.852∗ 3.308 4.407 1.188 0.643 1.742 -0.544 0.555 1.099
(0.004) (0.034) (0.441) (0.596) (0.417) (0.861) (0.771) (0.854) (0.937) (0.823)

SOUP 0.078 2.639 2.927 4.525 2.561 2.848 4.447 0.288 1.886 1.598
(0.897) (0.078) (0.318) (0.594) (0.062) (0.309) (0.532) (0.905) (0.784) (0.745)

Assets 1.498∗ 5.683∗ 11.100∗ 8.251 4.185∗ 9.602∗ 6.753 5.417 2.568 -2.849
(0.049) (0.018) (0.012) (0.342) (0.021) (0.016) (0.418) (0.082) (0.744) (0.687)

Observations 3970 3970 3970 3970 3970 3970 3970 3970 3970 3970

p-values in parentheses
Baseline Value Controls Used
∗ p < 0.05, ∗∗ p < 0.01, ∗∗∗ p < 0.001
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Figure 5.1.3a

Table 32: Quantile Regressions for Goat Value (USD) at Endline 1

(1) (2) (3) (4) (5)
Q(0.10) Q(0.25) Q(0.50) Q(0.75) Q(0.90)

GUP 0.000 -0.000 80.510∗∗∗ 115.888∗∗∗ 112.798∗∗∗

(1.000) (1.000) (0.000) (0.000) (0.000)

SOUP 0.000 -0.000 -0.000 20.283∗∗∗ 13.855
(1.000) (1.000) (1.000) (0.008) (0.312)

Asset 0.000 0.000 46.117∗∗∗ 104.166∗∗∗ 134.184∗∗∗

(1.000) (1.000) (0.000) (0.000) (0.000)

Observations 4033 4033 4033 4033 4033

p-values in parentheses
Baseline Value Controls Used
∗ p < .10, ∗∗ p < .05, ∗∗∗ p < .01

Table 33: Quantile Regressions for Goat Value (USD) at Follow-Up

(1) (2) (3) (4) (5)
Q(0.10) Q(0.25) Q(0.50) Q(0.75) Q(0.90)

GUP 0.000 -0.000 61.978∗∗∗ 80.459∗∗∗ 100.898∗∗∗

(1.000) (1.000) (0.000) (0.000) (0.000)

SOUP 0.000 0.000 -0.000 8.665 19.460∗∗

(1.000) (1.000) (1.000) (0.241) (0.035)

Asset 0.000 0.000 38.920∗∗∗ 67.045∗∗∗ 97.300∗∗∗

(1.000) (1.000) (0.000) (0.000) (0.000)

Observations 3979 3979 3979 3979 3979

p-values in parentheses
Baseline Value Controls Used
∗ p < .10, ∗∗ p < .05, ∗∗∗ p < .01

Table 34: Quantile Regressions for Fowl Value (USD) at Endline 1

(1) (2) (3) (4) (5)
Q(0.10) Q(0.25) Q(0.50) Q(0.75) Q(0.90)

GUP -0.000 0.000 1.812 -0.125 -3.835
(1.000) (1.000) (0.383) (0.971) (0.402)

SOUP 0.000 1.500∗ 2.000 8.750∗∗ 14.591∗∗∗

(1.000) (0.078) (0.425) (0.019) (0.002)

Asset -0.000 0.000 -4.000 7.500∗∗ 21.000∗∗∗

(1.000) (1.000) (0.337) (0.037) (0.003)

Observations 4064 4064 4064 4064 4064

p-values in parentheses
Baseline Value Controls Used
∗ p < .10, ∗∗ p < .05, ∗∗∗ p < .01
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Table 35: Quantile Regressions for Fowl Value (USD) at Follow-Up

(1) (2) (3) (4) (5)
Q(0.10) Q(0.25) Q(0.50) Q(0.75) Q(0.90)

GUP 0.000 2.012 3.840 1.500 9.929
(1.000) (0.121) (0.263) (0.694) (0.173)

SOUP 0.000 3.205∗∗ 4.680∗ 7.500∗ 16.337∗∗

(1.000) (0.010) (0.067) (0.061) (0.015)

Asset 0.000 -0.000 1.680 7.500 28.663∗∗∗

(1.000) (1.000) (0.651) (0.195) (0.000)

Observations 4009 4009 4009 4009 4009

p-values in parentheses
Baseline Value Controls Used
∗ p < .10, ∗∗ p < .05, ∗∗∗ p < .01

Table 36: Quantile Regressions for Sheep Value (USD) at Endline 1

(1) (2) (3) (4) (5)
Q(0.10) Q(0.25) Q(0.50) Q(0.75) Q(0.90)

GUP 0.000 0.000 0.000 -0.000 11.932∗

(1.000) (.) (.) (.) (0.063)

SOUP 0.000 0.000 -0.000 -0.000 23.864
(1.000) (.) (.) (.) (0.211)

Asset 0.000 -0.000 0.000 -0.000 109.223∗∗∗

(1.000) (.) (.) (.) (0.000)

Observations 4016 4016 4016 4016 4016

p-values in parentheses
Baseline Value Controls Used
∗ p < .10, ∗∗ p < .05, ∗∗∗ p < .01

Table 37: Quantile Regressions for Sheep Value (USD) at Follow-Up

(1) (2) (3) (4) (5)
Q(0.10) Q(0.25) Q(0.50) Q(0.75) Q(0.90)

GUP 0.000 0.000 -0.000 0.000 -5.682
(1.000) (0.927) (.) (.) (0.434)

SOUP 0.000 0.000 -0.000 0.000 -0.000
(1.000) (.) (.) (.) (1.000)

Asset 0.000 0.000 -0.000∗∗∗ -0.000 36.408∗∗∗

(1.000) (.) (0.000) (.) (0.000)

Observations 3947 3947 3947 3947 3947

p-values in parentheses
Baseline Value Controls Used
∗ p < .10, ∗∗ p < .05, ∗∗∗ p < .01

Table 38: Quantile Regressions for Total Livestock Value (USD) at Endline 1

(1) (2) (3) (4) (5)
Q(0.10) Q(0.25) Q(0.50) Q(0.75) Q(0.90)

GUP 19.263∗∗∗ 49.000∗∗∗ 87.026∗∗∗ 102.344∗∗∗ 84.399∗∗∗

(0.000) (0.000) (0.000) (0.000) (0.000)

SOUP -0.000 7.250∗ 19.276∗∗ 32.361∗∗ 33.846
(1.000) (0.053) (0.021) (0.038) (0.168)

Asset -0.000 1.500 34.276∗∗∗ 129.436∗∗∗ 405.399∗∗∗

(1.000) (0.744) (0.003) (0.000) (0.000)

Observations 4076 4076 4076 4076 4076

p-values in parentheses
Baseline Value Controls Used
∗ p < .10, ∗∗ p < .05, ∗∗∗ p < .01
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Table 39: Quantile Regressions for Total Livestock Value (USD) at Follow-Up

(1) (2) (3) (4) (5)
Q(0.10) Q(0.25) Q(0.50) Q(0.75) Q(0.90)

GUP 15.000∗∗∗ 45.556∗∗∗ 78.557∗∗∗ 118.005∗∗∗ 129.123∗∗∗

(0.002) (0.000) (0.000) (0.000) (0.006)

SOUP 0.000 15.250∗∗∗ 20.879∗ 31.755∗∗ 2.425
(1.000) (0.005) (0.058) (0.012) (0.937)

Asset -0.000 1.096 38.879∗∗∗ 80.505∗∗∗ 228.425∗∗∗

(1.000) (0.815) (0.006) (0.004) (0.005)

Observations 4029 4029 4029 4029 4029

p-values in parentheses
Baseline Value Controls Used
∗ p < .10, ∗∗ p < .05, ∗∗∗ p < .01
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Figure 5.1.3b

Table 40: Interquantile Regressions for Goat Value (USD) at Endline 1

(1) (2) (3) (4) (5) (6) (7) (8) (9) (10)
Q(0.25)-Q(0.10) Q(0.50)-Q(0.10) Q(0.75)-Q(0.10) Q(0.90)-Q(0.10) Q(0.50)-Q(0.25) Q(0.75)-Q(0.25) Q(0.90)-Q(0.25) Q(0.75)-Q(0.50) Q(0.90)-Q(0.50) Q(0.90)-Q(0.75)

GUP -0.000 80.510∗∗∗ 115.888∗∗∗ 112.798∗∗∗ 80.510∗∗∗ 115.888∗∗∗ 112.798∗∗∗ 35.378∗∗∗ 32.287 -3.091
(1.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.152) (0.771)

SOUP -0.000 -0.000 20.283∗∗∗ 13.855 -0.000 20.283∗∗ 13.855 20.283∗∗∗ 13.855 -6.428
(1.000) (1.000) (0.005) (0.363) (1.000) (0.046) (0.159) (0.001) (0.151) (0.558)

Assets 0.000 46.117∗∗∗ 104.166∗∗∗ 134.184∗∗∗ 46.117∗∗∗ 104.166∗∗∗ 134.184∗∗∗ 58.049∗∗∗ 88.067∗∗∗ 30.018∗

(1.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.001) (0.000) (0.097)

Observations 4033 4033 4033 4033 4033 4033 4033 4033 4033 4033

p-values in parentheses
Baseline Value Controls Used
∗ p < .10, ∗∗ p < .05, ∗∗∗ p < .01

Table 41: Interquantile Regressions for Goat Value (USD) at Follow-Up

(1) (2) (3) (4) (5) (6) (7) (8) (9) (10)
Q(0.25)-Q(0.10) Q(0.50)-Q(0.10) Q(0.75)-Q(0.10) Q(0.90)-Q(0.10) Q(0.50)-Q(0.25) Q(0.75)-Q(0.25) Q(0.90)-Q(0.25) Q(0.75)-Q(0.50) Q(0.90)-Q(0.50) Q(0.90)-Q(0.75)

GUP -0.000 61.978∗∗∗ 80.459∗∗∗ 100.898∗∗∗ 61.978∗∗∗ 80.459∗∗∗ 100.898∗∗∗ 18.481∗∗ 38.920∗∗ 20.439∗∗∗

(1.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.050) (0.011) (0.009)

SOUP -0.000 0.000 8.665 19.460∗ 0.000 8.665∗ 19.460∗∗∗ 8.665 19.460∗∗∗ 10.795
(1.000) (1.000) (0.265) (0.066) (1.000) (0.082) (0.000) (0.310) (0.000) (0.273)

Assets 0.000 38.920∗∗∗ 67.045∗∗∗ 97.300∗∗∗ 38.920∗∗∗ 67.045∗∗∗ 97.300∗∗∗ 28.125∗∗ 58.380∗∗ 30.255
(1.000) (0.000) (0.000) (0.000) (0.001) (0.000) (0.001) (0.022) (0.013) (0.240)

Observations 3979 3979 3979 3979 3979 3979 3979 3979 3979 3979

p-values in parentheses
Baseline Value Controls Used
∗ p < .10, ∗∗ p < .05, ∗∗∗ p < .01
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Table 42: Interquantile Regressions for Fowl Value (USD) at Endline 1

(1) (2) (3) (4) (5) (6) (7) (8) (9) (10)
Q(0.25)-Q(0.10) Q(0.50)-Q(0.10) Q(0.75)-Q(0.10) Q(0.90)-Q(0.10) Q(0.50)-Q(0.25) Q(0.75)-Q(0.25) Q(0.90)-Q(0.25) Q(0.75)-Q(0.50) Q(0.90)-Q(0.50) Q(0.90)-Q(0.75)

GUP 0.000∗∗∗ 1.812 -0.125 -3.835 1.812 -0.125 -3.835 -1.938 -5.648 -3.710
(0.000) (0.416) (0.950) (0.316) (0.257) (0.965) (0.432) (0.512) (0.185) (0.571)

SOUP 1.500∗∗∗ 2.000 8.750∗∗∗ 14.591∗∗∗ 2.000 8.750∗∗∗ 14.591∗∗∗ 6.750∗∗∗ 12.591∗ 5.841∗∗

(0.000) (0.303) (0.003) (0.000) (0.194) (0.002) (0.002) (0.007) (0.051) (0.032)

Assets -0.000∗∗∗ -4.000 7.500∗∗ 21.000∗∗∗ -4.000∗ 7.500∗ 21.000∗∗∗ 11.500∗∗∗ 25.000∗∗ 13.500
(0.000) (0.257) (0.048) (0.005) (0.063) (0.052) (0.001) (0.005) (0.010) (0.102)

Observations 4064 4064 4064 4064 4064 4064 4064 4064 4064 4064

p-values in parentheses
Baseline Value Controls Used
∗ p < .10, ∗∗ p < .05, ∗∗∗ p < .01

Table 43: Interquantile Regressions for Fowl Value (USD) at Follow-Up

(1) (2) (3) (4) (5) (6) (7) (8) (9) (10)
Q(0.25)-Q(0.10) Q(0.50)-Q(0.10) Q(0.75)-Q(0.10) Q(0.90)-Q(0.10) Q(0.50)-Q(0.25) Q(0.75)-Q(0.25) Q(0.90)-Q(0.25) Q(0.75)-Q(0.50) Q(0.90)-Q(0.50) Q(0.90)-Q(0.75)

GUP 2.012∗ 3.840 1.500 9.929 1.828 -0.512 7.917 -2.340 6.089 8.429
(0.069) (0.146) (0.676) (0.110) (0.409) (0.916) (0.257) (0.518) (0.364) (0.187)

SOUP 3.205∗∗∗ 4.680∗ 7.500∗∗ 16.337∗∗∗ 1.475 4.295 13.132 2.820 11.657 8.837
(0.002) (0.065) (0.029) (0.006) (0.443) (0.292) (0.160) (0.420) (0.121) (0.138)

Assets -0.000 1.680 7.500 28.663∗∗∗ 1.680 7.500 28.663∗∗∗ 5.820 26.983∗∗∗ 21.163∗∗∗

(1.000) (0.636) (0.119) (0.001) (0.549) (0.327) (0.000) (0.171) (0.000) (0.000)

Observations 4009 4009 4009 4009 4009 4009 4009 4009 4009 4009

p-values in parentheses
Baseline Value Controls Used
∗ p < .10, ∗∗ p < .05, ∗∗∗ p < .01
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Table 44: Interquantile Regressions for Sheep Value (USD) at Endline 1

(1) (2) (3) (4) (5) (6) (7) (8) (9) (10)
Q(0.25)-Q(0.10) Q(0.50)-Q(0.10) Q(0.75)-Q(0.10) Q(0.90)-Q(0.10) Q(0.50)-Q(0.25) Q(0.75)-Q(0.25) Q(0.90)-Q(0.25) Q(0.75)-Q(0.50) Q(0.90)-Q(0.50) Q(0.90)-Q(0.75)

GUP 0.000 -0.000 0.000 11.932 -0.000 0.000 11.932 0.000∗∗ 11.932 11.932
(1.000) (1.000) (1.000) (0.403) (0.444) (0.144) (0.395) (0.011) (0.304) (0.258)

SOUP 0.000 -0.000 0.000 23.864∗ -0.000 0.000∗ 23.864 0.000∗∗ 23.864∗ 23.864
(1.000) (1.000) (1.000) (0.095) (0.435) (0.100) (0.236) (0.011) (0.064) (0.369)

Assets 0.000 0.000 0.000 109.223∗∗∗ 0.000 0.000 109.223∗∗ 0.000 109.223∗ 109.223∗∗∗

(1.000) (1.000) (1.000) (0.000) (0.368) (1.000) (0.017) (1.000) (0.074) (0.003)

Observations 4016 4016 4016 4016 4016 4016 4016 4016 4016 4016

p-values in parentheses
Baseline Value Controls Used
∗ p < .10, ∗∗ p < .05, ∗∗∗ p < .01

Table 45: Interquantile Regressions for Sheep Value (USD) at Follow-Up

(1) (2) (3) (4) (5) (6) (7) (8) (9) (10)
Q(0.25)-Q(0.10) Q(0.50)-Q(0.10) Q(0.75)-Q(0.10) Q(0.90)-Q(0.10) Q(0.50)-Q(0.25) Q(0.75)-Q(0.25) Q(0.90)-Q(0.25) Q(0.75)-Q(0.50) Q(0.90)-Q(0.50) Q(0.90)-Q(0.75)

GUP -0.000 -0.000 -0.000 -5.682 -0.000 0.000 -5.682 0.000 -5.682 -5.682
(1.000) (1.000) (1.000) (0.733) (0.190) (0.860) (0.794) (0.489) (0.670) (0.719)

SOUP -0.000 -0.000 0.000 0.000 -0.000 0.000 0.000 0.000 0.000 0.000
(1.000) (1.000) (1.000) (1.000) (0.211) (0.648) (1.000) (0.411) (1.000) (1.000)

Assets -0.000 -0.000 -0.000 36.408∗ -0.000∗∗ -0.000 36.408 -0.000 36.408 36.408
(1.000) (1.000) (1.000) (0.092) (0.024) (0.255) (0.221) (1.000) (0.104) (0.175)

Observations 3947 3947 3947 3947 3947 3947 3947 3947 3947 3947

p-values in parentheses
Baseline Value Controls Used
∗ p < .10, ∗∗ p < .05, ∗∗∗ p < .01
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Table 46: Interquantile Regressions for Total Livestock Value (USD) at Endline 1

(1) (2) (3) (4) (5) (6) (7) (8) (9) (10)
Q(0.25)-Q(0.10) Q(0.50)-Q(0.10) Q(0.75)-Q(0.10) Q(0.90)-Q(0.10) Q(0.50)-Q(0.25) Q(0.75)-Q(0.25) Q(0.90)-Q(0.25) Q(0.75)-Q(0.50) Q(0.90)-Q(0.50) Q(0.90)-Q(0.75)

GUP 29.737∗∗∗ 67.763∗∗∗ 83.081∗∗∗ 65.135∗∗∗ 38.026∗∗∗ 53.344∗∗∗ 35.399 15.318 -2.628 -17.946
(0.000) (0.000) (0.001) (0.000) (0.000) (0.001) (0.119) (0.303) (0.922) (0.565)

SOUP 7.250∗ 19.276∗∗∗ 32.361∗∗∗ 33.846 12.026∗ 25.111∗∗ 26.596 13.084 14.570 1.486
(0.099) (0.007) (0.010) (0.273) (0.052) (0.048) (0.279) (0.392) (0.655) (0.957)

Assets 1.500 34.276∗∗ 129.436∗∗∗ 405.399∗∗∗ 32.776∗∗∗ 127.936∗∗∗ 403.899∗∗∗ 95.159∗∗∗ 371.122∗∗∗ 275.963∗∗

(0.867) (0.020) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.014)

Observations 4076 4076 4076 4076 4076 4076 4076 4076 4076 4076

p-values in parentheses
Baseline Value Controls Used
∗ p < .10, ∗∗ p < .05, ∗∗∗ p < .01

Table 47: Interquantile Regressions for Total Livestock Value (USD) at Follow-Up

(1) (2) (3) (4) (5) (6) (7) (8) (9) (10)
Q(0.25)-Q(0.10) Q(0.50)-Q(0.10) Q(0.75)-Q(0.10) Q(0.90)-Q(0.10) Q(0.50)-Q(0.25) Q(0.75)-Q(0.25) Q(0.90)-Q(0.25) Q(0.75)-Q(0.50) Q(0.90)-Q(0.50) Q(0.90)-Q(0.75)

GUP 30.556∗∗∗ 63.557∗∗∗ 103.005∗∗∗ 114.123∗∗∗ 33.001∗∗∗ 72.450∗∗ 83.567∗∗ 39.448∗∗ 50.566 11.117
(0.002) (0.000) (0.000) (0.004) (0.000) (0.011) (0.030) (0.012) (0.203) (0.772)

SOUP 15.250∗∗ 20.879∗∗∗ 31.755∗∗∗ 2.425 5.629 16.505 -12.825 10.877 -18.453 -29.330
(0.021) (0.007) (0.000) (0.874) (0.519) (0.115) (0.596) (0.287) (0.558) (0.295)

Assets 1.096 38.879∗∗∗ 80.505∗∗ 228.425∗∗∗ 37.782∗∗ 79.409∗∗∗ 227.329∗ 41.627∗ 189.547∗∗ 147.920
(0.907) (0.000) (0.016) (0.000) (0.015) (0.001) (0.055) (0.053) (0.050) (0.108)

Observations 4029 4029 4029 4029 4029 4029 4029 4029 4029 4029

p-values in parentheses
Baseline Value Controls Used
∗ p < .10, ∗∗ p < .05, ∗∗∗ p < .01
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Figure 5.1.4a

Table 48: Quantile Regressions for Health Index at Endline 1
(1) (2)

Q(0.25) Q(0.90)

GUP 0.000 -0.000
(1.000) (0.816)

SOUP -0.028∗∗∗ -0.000
(0.000) (0.846)

Asset -0.006∗∗∗ -0.000
(0.000) (0.791)

Observations 28132 28132

p-values in parentheses
Baseline Value Controls Used
∗ p < .10, ∗∗ p < .05, ∗∗∗ p < .01

Table 49: Quantile Regressions for Health Index at Follow-Up
(1)

Q(0.50)

GUP -0.000
(0.930)

SOUP -0.000
(0.976)

Asset -0.000
(0.965)

Observations 27294

p-values in parentheses
Baseline Value Controls Used
∗ p < .10, ∗∗ p < .05, ∗∗∗ p < .01

Table 50: Quantile Regressions for Mental Health Index at Endline 1
(1) (2) (3) (4) (5)

Q(0.10) Q(0.25) Q(0.50) Q(0.75) Q(0.90)

GUP -0.000 0.221∗∗ 0.000 0.663 -0.000
(1.000) (0.028) (1.000) (0.106) (1.000)

SOUP 0.111∗∗ 0.276∗∗∗ -0.000 0.387 0.000
(0.032) (0.001) (1.000) (0.134) (1.000)

Asset -0.829∗∗∗ -0.000 0.111 -0.000 0.000
(0.000) (1.000) (0.178) (1.000) (1.000)

Observations 3749 3749 3749 3749 3749

p-values in parentheses
Baseline Value Controls Used
∗ p < .10, ∗∗ p < .05, ∗∗∗ p < .01

73



Table 51: Quantile Regressions for Mental Health Index at Follow-Up
(1) (2)

Q(0.25) Q(0.75)

GUP -0.000 -0.000
(1.000) (1.000)

SOUP 0.000 -0.000
(1.000) (1.000)

Asset -0.995∗∗∗ -0.000
(0.000) (1.000)

Observations 3674 3674

p-values in parentheses
Baseline Value Controls Used
∗ p < .10, ∗∗ p < .05, ∗∗∗ p < .01

Table 52: Quantile Regressions for Time at Work Index at Endline 1
(1) (2) (3) (4) (5)

Q(0.10) Q(0.25) Q(0.50) Q(0.75) Q(0.90)

GUP 0.000 0.000 0.092 0.150∗∗ 0.100
(1.000) (1.000) (0.108) (0.035) (0.311)

SOUP 0.000 0.000 0.052 0.150∗∗ -0.000
(1.000) (1.000) (0.391) (0.038) (1.000)

Asset 0.000 0.000 0.192 0.450∗∗∗ 0.999∗∗∗

(1.000) (1.000) (0.219) (0.000) (0.000)

Observations 3725 3725 3725 3725 3725

p-values in parentheses
Baseline Value Controls Used
∗ p < .10, ∗∗ p < .05, ∗∗∗ p < .01

Table 53: Quantile Regressions for Time at Work Index at Follow-Up
(1) (2) (3) (4) (5)

Q(0.10) Q(0.25) Q(0.50) Q(0.75) Q(0.90)

GUP 0.000 0.000 0.062 -0.000 0.000
(1.000) (1.000) (0.537) (1.000) (1.000)

SOUP 0.000 0.000 -0.082 0.000 0.103
(1.000) (1.000) (0.462) (1.000) (0.625)

Asset 0.000 0.000 0.272 0.247∗∗ 0.412∗∗∗

(1.000) (1.000) (0.332) (0.049) (0.000)

Observations 3665 3665 3665 3665 3665

p-values in parentheses
Baseline Value Controls Used
∗ p < .10, ∗∗ p < .05, ∗∗∗ p < .01

Table 54: Quantile Regressions for Female Empowerment Index at Endline 1
(1) (2) (3) (4) (5)

Q(0.10) Q(0.25) Q(0.50) Q(0.75) Q(0.90)

GUP 0.000 -0.003 0.006 0.008 -0.000
(1.000) (0.929) (0.876) (0.761) (1.000)

SOUP -0.000 -0.004 -0.001 0.003 -0.000
(1.000) (0.889) (0.983) (0.919) (1.000)

Asset 0.000 0.412∗∗∗ 0.201 0.003 0.217
(1.000) (0.000) (0.333) (0.976) (0.200)

Observations 3721 3721 3721 3721 3721

p-values in parentheses
Baseline Value Controls Used
∗ p < .10, ∗∗ p < .05, ∗∗∗ p < .01
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Table 55: Quantile Regressions for Female Empowerment Index at Follow-Up
(1) (2) (3) (4) (5)

Q(0.10) Q(0.25) Q(0.50) Q(0.75) Q(0.90)

GUP 0.000 0.000 0.000 0.003 -0.007
(1.000) (1.000) (0.997) (0.940) (0.882)

SOUP 0.000 0.000 -0.014 -0.020 -0.007
(1.000) (1.000) (0.631) (0.591) (0.877)

Asset 0.000 0.000 0.000 0.015 0.003
(1.000) (1.000) (0.999) (0.896) (0.975)

Observations 3675 3675 3675 3675 3675

p-values in parentheses
Baseline Value Controls Used
∗ p < .10, ∗∗ p < .05, ∗∗∗ p < .01
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Figure 5.1.4b

Table 56: Interquantile Regressions for Health Index at Endline 1
(1) (2) (3) (4) (5) (6) (7) (8) (9) (10)

Q(0.25)-Q(0.10) Q(0.50)-Q(0.10) Q(0.75)-Q(0.10) Q(0.90)-Q(0.10) Q(0.50)-Q(0.25) Q(0.75)-Q(0.25) Q(0.90)-Q(0.25) Q(0.75)-Q(0.50) Q(0.90)-Q(0.50) Q(0.90)-Q(0.75)

GUP -0.000 0.000 0.000 -0.000 0.000 0.000 -0.000∗∗∗ 0.000 -0.000 0.000
(1.000) (1.000) (1.000) (0.998) (1.000) (1.000) (0.000) (1.000) (0.655) (1.000)

SOUP -0.028∗∗∗ 0.000 0.000 -0.000 0.000 0.000 -0.000∗∗∗ 0.000 -0.000∗∗ 0.000
(0.000) (1.000) (1.000) (0.998) (1.000) (1.000) (0.000) (1.000) (0.050) (1.000)

Assets -0.006∗∗∗ 0.000 0.000 -0.000 0.000 0.000 -0.000∗∗∗ 0.000 -0.000 0.000
(0.000) (1.000) (1.000) (0.998) (1.000) (1.000) (0.000) (1.000) (0.691) (1.000)

Observations 28132 28132 28132 28132 28132 28132 28132 28132 28132 28132

p-values in parentheses
Baseline Value Controls Used
∗ p < .10, ∗∗ p < .05, ∗∗∗ p < .01

Table 57: Interquantile Regressions for Health Index at Follow-Up
(1) (2) (3) (4) (5) (6) (7) (8) (9) (10)

Q(0.25)-Q(0.10) Q(0.50)-Q(0.10) Q(0.75)-Q(0.10) Q(0.90)-Q(0.10) Q(0.50)-Q(0.25) Q(0.75)-Q(0.25) Q(0.90)-Q(0.25) Q(0.75)-Q(0.50) Q(0.90)-Q(0.50) Q(0.90)-Q(0.75)

GUP -0.000∗∗∗ -0.000∗∗ 0.000 0.000 -0.000∗∗∗ -0.000∗∗∗ -0.000∗∗∗ 0.000 0.000 0.000
(0.000) (0.018) (1.000) (1.000) (0.000) (0.000) (0.000) (1.000) (1.000) (1.000)

SOUP -0.000∗∗∗ -0.000∗∗ 0.000 0.000 -0.000∗∗∗ -0.000∗∗∗ -0.000∗∗∗ 0.000 0.000 0.000
(0.000) (0.018) (1.000) (1.000) (0.000) (0.000) (0.000) (1.000) (1.000) (1.000)

Assets -0.012∗∗∗ -0.000∗∗ 0.000 0.000 -0.012∗∗∗ -0.012∗∗∗ -0.012∗∗∗ 0.000 0.000 0.000
(0.000) (0.023) (1.000) (1.000) (0.000) (0.000) (0.000) (1.000) (1.000) (1.000)

Observations 27294 27294 27294 27294 27294 27294 27294 27294 27294 27294

p-values in parentheses
Baseline Value Controls Used
∗ p < .10, ∗∗ p < .05, ∗∗∗ p < .01
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Table 58: Interquantile Regressions for Mental Health Index at Endline 1
(1) (2) (3) (4) (5) (6) (7) (8) (9) (10)

Q(0.25)-Q(0.10) Q(0.50)-Q(0.10) Q(0.75)-Q(0.10) Q(0.90)-Q(0.10) Q(0.50)-Q(0.25) Q(0.75)-Q(0.25) Q(0.90)-Q(0.25) Q(0.75)-Q(0.50) Q(0.90)-Q(0.50) Q(0.90)-Q(0.75)

GUP 0.221∗ -0.000∗∗∗ 0.663∗∗∗ -0.000∗∗∗ -0.000∗∗∗ 0.442∗ -0.000∗∗∗ 0.663∗∗∗ -0.000 -0.000∗∗∗

(0.096) (0.000) (0.007) (0.000) (0.000) (0.077) (0.000) (0.000) (0.447) (0.000)

SOUP 0.166 -0.000∗∗∗ 0.276 -0.000∗∗∗ -0.000∗∗∗ 0.111 -0.000∗∗∗ 0.387∗∗∗ -0.000 -0.000∗∗∗

(0.119) (0.000) (0.334) (0.000) (0.000) (0.652) (0.000) (0.000) (0.944) (0.000)

Assets 0.829∗ 0.111∗∗∗ 0.829∗∗ -0.000∗∗∗ 0.111∗∗∗ -0.000 -0.000∗∗∗ -0.000 -0.111 -0.000∗∗∗

(0.051) (0.000) (0.043) (0.000) (0.000) (1.000) (0.000) (1.000) (0.688) (0.000)

Observations 3749 3749 3749 3749 3749 3749 3749 3749 3749 3749

p-values in parentheses
Baseline Value Controls Used
∗ p < .10, ∗∗ p < .05, ∗∗∗ p < .01

Table 59: Interquantile Regressions for Mental Health Index at Follow-Up
(1) (2) (3) (4) (5) (6) (7) (8) (9) (10)

Q(0.25)-Q(0.10) Q(0.50)-Q(0.10) Q(0.75)-Q(0.10) Q(0.90)-Q(0.10) Q(0.50)-Q(0.25) Q(0.75)-Q(0.25) Q(0.90)-Q(0.25) Q(0.75)-Q(0.50) Q(0.90)-Q(0.50) Q(0.90)-Q(0.75)

GUP 0.000 0.000 -0.000∗∗∗ 0.000 -0.000 -0.000∗∗∗ 0.000 -0.000∗∗∗ 0.000 0.000
(0.246) (1.000) (0.000) (1.000) (1.000) (0.000) (1.000) (0.000) (1.000) (1.000)

SOUP 0.000 0.000 0.000∗∗∗ 0.000 -0.000 0.000∗∗∗ 0.000 0.000∗∗∗ 0.000 -0.000
(1.000) (1.000) (0.000) (1.000) (1.000) (0.000) (1.000) (0.000) (1.000) (1.000)

Assets -0.995∗∗∗ 0.000 0.000∗∗∗ 0.000 0.995∗∗∗ 0.000∗∗∗ 0.000 0.000∗∗∗ 0.000 -0.000
(0.000) (1.000) (0.000) (1.000) (0.000) (0.000) (1.000) (0.000) (1.000) (1.000)

Observations 3674 3674 3674 3674 3674 3674 3674 3674 3674 3674

p-values in parentheses
Baseline Value Controls Used
∗ p < .10, ∗∗ p < .05, ∗∗∗ p < .01
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Table 60: Interquantile Regressions for Female Empowerment Index at Endline 1
(1) (2) (3) (4) (5) (6) (7) (8) (9) (10)

Q(0.25)-Q(0.10) Q(0.50)-Q(0.10) Q(0.75)-Q(0.10) Q(0.90)-Q(0.10) Q(0.50)-Q(0.25) Q(0.75)-Q(0.25) Q(0.90)-Q(0.25) Q(0.75)-Q(0.50) Q(0.90)-Q(0.50) Q(0.90)-Q(0.75)

GUP -0.003 0.006∗∗ 0.008∗∗∗ -0.000 0.009 0.011 -0.000∗∗∗ 0.002 -0.000∗∗∗ -0.000∗∗∗

(0.602) (0.021) (0.001) (0.617) (0.122) (0.409) (0.000) (0.747) (0.000) (0.000)

SOUP -0.004 -0.001 0.003 -0.000 0.003 0.007 -0.000∗∗∗ 0.004 -0.000∗∗∗ -0.000∗∗∗

(0.437) (0.757) (0.224) (0.712) (0.556) (0.924) (0.000) (0.390) (0.000) (0.000)

Assets 0.412∗∗∗ 0.201∗∗∗ 0.003 0.217 -0.211 -0.409 0.217∗∗∗ -0.198 0.217∗∗∗ 0.217∗∗∗

(0.000) (0.000) (0.691) (0.133) (0.368) (0.170) (0.000) (0.274) (0.000) (0.000)

Observations 3721 3721 3721 3721 3721 3721 3721 3721 3721 3721

p-values in parentheses
Baseline Value Controls Used
∗ p < .10, ∗∗ p < .05, ∗∗∗ p < .01

Table 61: Interquantile Regressions for Female Empowerment Index at Follow-Up
(1) (2) (3) (4) (5) (6) (7) (8) (9) (10)

Q(0.25)-Q(0.10) Q(0.50)-Q(0.10) Q(0.75)-Q(0.10) Q(0.90)-Q(0.10) Q(0.50)-Q(0.25) Q(0.75)-Q(0.25) Q(0.90)-Q(0.25) Q(0.75)-Q(0.50) Q(0.90)-Q(0.50) Q(0.90)-Q(0.75)

GUP 0.000 0.000 0.003 -0.007 0.000 0.003 -0.007 0.003 -0.007 -0.010
(0.609) (0.958) (0.799) (0.634) (0.958) (0.799) (0.634) (0.908) (0.832) (0.698)

SOUP 0.000∗∗ -0.014∗∗∗ -0.020∗ -0.007 -0.014∗∗∗ -0.020∗ -0.007 -0.006 0.007 0.013
(0.038) (0.000) (0.072) (0.618) (0.000) (0.072) (0.618) (0.872) (0.901) (0.798)

Assets 0.000∗∗ 0.000 0.015 0.003 0.000 0.015 0.003 0.015 0.003 -0.012
(0.024) (0.986) (0.670) (0.951) (0.986) (0.670) (0.951) (0.940) (0.989) (0.923)

Observations 3675 3675 3675 3675 3675 3675 3675 3675 3675 3675

p-values in parentheses
Baseline Value Controls Used
∗ p < .10, ∗∗ p < .05, ∗∗∗ p < .01
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Figure 5.2.1a

Table 62: Physical Health Interactions Effects with GUP and SOUP on Household-Level Economic Indices at Endline 1
(1) (2) (3) (4) (5)

consumption
index

food security
index

asset value index financial inclusion
index

income index

SOUP*bsl physical health index itt -0.018 0.035 0.019 0.081 -0.002
se 0.034 0.034 0.051 0.087 0.036
p-val 0.598 0.299 0.705 0.349 0.952
q-val 0.854 0.705 0.882 0.705 0.989

GUP*bsl physical health index itt -0.000 0.030 0.067 0.150 -0.021
se 0.035 0.032 0.044 0.086 0.037
p-val 0.989 0.352 0.128 0.079∗ 0.562
q-val 0.989 0.705 0.640 0.640 0.854

SOUP itt 0.128 0.072 0.118 0.514 0.062
se 0.043 0.043 0.068 0.098 0.051
p-val 0.003∗∗∗ 0.094∗ 0.083∗ 0.000∗∗∗ 0.231

GUP itt 0.113 0.048 0.181 0.742 0.172
se 0.044 0.042 0.060 0.102 0.047
p-val 0.010∗∗ 0.252 0.003∗∗∗ 0.000∗∗∗ 0.000∗∗∗

bsl physical health index itt -0.001 -0.043 -0.023 0.013 -0.001
se 0.015 0.017 0.024 0.025 0.016
p-val 0.958 0.013∗∗ 0.338 0.622 0.927

The chart contains coefficient estimates from regressions of household-level Economic Indices at year two (the average of outcomes from a
survey two years after program start and surveys between the one and two-year mark) on treatments, the baseline physical health index
and interaction effects between treatments and the baseline physical health index. To prevent perfect collinearity, control households are
the omitted group. I exclude asset only villages from the dataset because baseline physical health data was not collected for them.
Regressions control for re-randomization variables, baseline values of the dependent variable, separate employment programs, and whether
the household was surveyed before the two-year survey. Village fixed effects are included for non-control villages. Standard errors are
clustered at the village level for control households and the household level for other households. To correct for multiple inferences, I
compute Benjamini-Hochberg q-values, with the number of hypotheses defined as the 10 hypotheses tested in this table.
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Table 63: Physical Health Interactions Effects with GUP without savings, GUP with savings, SOUP without matching,
and SOUP with matching on Household-Level Economic Indices at Endline 1

(1) (2) (3) (4) (5)
consumption

index
food security

index
asset value

index
financial

inclusion index
income index

SOUP no match*bsl physical health index itt -0.032 0.059 0.103 0.085 0.002
se 0.046 0.044 0.060 0.111 0.046
p-val 0.489 0.181 0.090∗ 0.443 0.960
q-val 0.961 0.907 0.600 0.961 0.961

SOUP match*bsl physical health index itt -0.005 0.010 -0.060 0.076 -0.007
se 0.044 0.042 0.072 0.126 0.049
p-val 0.917 0.810 0.399 0.548 0.883
q-val 0.961 0.961 0.961 0.961 0.961

GUP no sav.*bsl physical health index itt -0.010 0.029 0.021 -0.013 -0.016
se 0.050 0.040 0.062 0.093 0.048
p-val 0.836 0.464 0.730 0.889 0.740
q-val 0.961 0.961 0.961 0.961 0.961

GUP sav.*bsl physical health index itt 0.013 0.035 0.121 0.286 -0.030
se 0.041 0.044 0.049 0.133 0.051
p-val 0.754 0.426 0.014∗∗ 0.031∗∗ 0.554
q-val 0.961 0.961 0.284 0.314 0.961

SOUP no match itt 0.117 0.043 0.157 0.485 0.048
se 0.051 0.050 0.082 0.116 0.061
p-val 0.023∗∗ 0.397 0.055∗ 0.000∗∗∗ 0.427

SOUP match itt 0.140 0.101 0.081 0.548 0.075
se 0.049 0.050 0.075 0.130 0.058
p-val 0.004∗∗∗ 0.041∗∗ 0.279 0.000∗∗∗ 0.195

GUP no sav. itt 0.141 0.109 0.235 0.165 0.139
se 0.051 0.051 0.074 0.099 0.056
p-val 0.006∗∗∗ 0.031∗∗ 0.001∗∗∗ 0.098∗ 0.013∗∗

GUP sav. itt 0.086 -0.011 0.123 1.286 0.203
se 0.050 0.048 0.067 0.147 0.056
p-val 0.086∗ 0.817 0.066∗ 0.000∗∗∗ 0.000∗∗∗

bsl physical health index itt -0.001 -0.043 -0.023 0.013 -0.001
se 0.015 0.017 0.024 0.025 0.016
p-val 0.952 0.013∗∗ 0.342 0.604 0.931

The chart contains coefficient estimates from regressions of household-level Economic Indices at year two (the average of outcomes from a
survey two years after program start and surveys between the one and two-year mark) on treatments, the baseline physical health index
and interaction effects between treatments and the baseline physical health index. To prevent perfect collinearity, control households are
the omitted group. I exclude asset only villages from the dataset because baseline physical health data was not collected for them.
Regressions control for re-randomization variables, baseline values of the dependent variable, separate employment programs, and whether
the household was surveyed before the two-year survey. Village fixed effects are included for non-control villages. Standard errors are
clustered at the village level for control households and the household level for other households. To correct for multiple inferences, I
compute Benjamini-Hochberg q-values, with the number of hypotheses defined as the 20 hypotheses tested in this table.

80



Figure 5.2.1b

Table 64: Physical Health Interactions Effects with GUP and SOUP on Household-Level Economic Indices at Follow-Up
(1) (2) (3) (4) (5)

consumption
index

food security
index

asset value index financial inclusion
index

income index

SOUP*bsl physical health index itt -0.010 -0.018 -0.041 -0.013 0.009
se 0.026 0.033 0.054 0.059 0.046
p-val 0.714 0.601 0.452 0.823 0.837
q-val 0.842 0.842 0.842 0.842 0.842

GUP*bsl physical health index itt -0.079 0.011 -0.044 0.033 0.009
se 0.030 0.035 0.053 0.064 0.045
p-val 0.008∗∗∗ 0.750 0.415 0.609 0.841
q-val 0.077 0.842 0.842 0.842 0.842

SOUP itt -0.020 -0.007 0.021 0.123 -0.070
se 0.034 0.045 0.078 0.074 0.064
p-val 0.563 0.878 0.791 0.096∗ 0.278

GUP itt 0.073 0.107 0.300 0.372 0.235
se 0.036 0.044 0.070 0.080 0.065
p-val 0.040∗∗ 0.014∗∗ 0.000∗∗∗ 0.000∗∗∗ 0.000∗∗∗

bsl physical health index itt 0.016 0.013 -0.002 0.022 0.039
se 0.013 0.017 0.024 0.022 0.021
p-val 0.233 0.445 0.948 0.311 0.065∗

The chart contains coefficient estimates from regressions of household-level Economic Indices at year three on treatments, the baseline
physical health index and interaction effects between treatments and the baseline physical health index. To prevent perfect collinearity,
control households are the omitted group. I exclude asset only villages from the dataset because baseline physical health data was not
collected for them. Regressions control for re-randomization variables, baseline values of the dependent variable, separate employment
programs, and whether the household was surveyed before the two-year survey. Village fixed effects are included for non-control villages.
Standard errors are clustered at the village level for control households and the household level for other households. To correct for multiple
inferences, I compute Benjamini-Hochberg q-values, with the number of hypotheses defined as the 10 hypotheses tested in this table.
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Table 65: Physical Health Interactions Effects with GUP without savings, GUP with savings, SOUP without matching,
and SOUP with matching on Household-Level Economic Indices at Follow-Up

(1) (2) (3) (4) (5)
consumption

index
food security

index
asset value

index
financial

inclusion index
income index

SOUP no match*bsl physical health index itt 0.024 0.042 0.066 0.020 -0.030
se 0.031 0.044 0.072 0.076 0.054
p-val 0.444 0.337 0.358 0.789 0.586
q-val 0.740 0.740 0.740 0.840 0.740

SOUP match*bsl physical health index itt -0.042 -0.075 -0.148 -0.045 0.047
se 0.036 0.042 0.076 0.084 0.065
p-val 0.245 0.074∗ 0.052∗ 0.592 0.474
q-val 0.700 0.371 0.369 0.740 0.740

GUP no sav.*bsl physical health index itt -0.123 0.029 -0.099 -0.106 -0.016
se 0.044 0.045 0.068 0.083 0.057
p-val 0.005∗∗∗ 0.513 0.144 0.205 0.783
q-val 0.106 0.740 0.577 0.683 0.840

GUP sav.*bsl physical health index itt -0.021 -0.010 0.016 0.173 0.035
se 0.032 0.046 0.077 0.090 0.064
p-val 0.514 0.833 0.840 0.055∗ 0.577
q-val 0.740 0.840 0.840 0.369 0.740

SOUP no match itt -0.039 0.013 0.031 0.169 -0.104
se 0.039 0.051 0.098 0.089 0.072
p-val 0.308 0.797 0.755 0.058∗ 0.150

SOUP match itt -0.000 -0.027 0.012 0.079 -0.036
se 0.040 0.052 0.088 0.085 0.076
p-val 0.999 0.609 0.888 0.352 0.640

GUP no sav. itt 0.099 0.123 0.262 0.181 0.211
se 0.044 0.050 0.080 0.087 0.077
p-val 0.026∗∗ 0.015∗∗ 0.001∗∗∗ 0.037∗∗ 0.006∗∗∗

GUP sav. itt 0.040 0.093 0.327 0.542 0.257
se 0.037 0.050 0.083 0.108 0.078
p-val 0.271 0.061∗ 0.000∗∗∗ 0.000∗∗∗ 0.001∗∗∗

bsl physical health index itt 0.016 0.013 -0.001 0.022 0.039
se 0.013 0.017 0.024 0.022 0.021
p-val 0.234 0.436 0.965 0.314 0.066∗

The chart contains coefficient estimates from regressions of household-level Economic Indices at year three on treatments, the baseline
physical health index and interaction effects between treatments and the baseline physical health index. To prevent perfect collinearity,
control households are the omitted group. I exclude asset only villages from the dataset because baseline physical health data was not
collected for them. Regressions control for re-randomization variables, baseline values of the dependent variable, separate employment
programs, and whether the household was surveyed before the two-year survey. Village fixed effects are included for non-control villages.
Standard errors are clustered at the village level for control households and the household level for other households. To correct for multiple
inferences, I compute Benjamini-Hochberg q-values, with the number of hypotheses defined as the 20 hypotheses tested in this table.
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Figure 5.2.2a

Table 66: Mental Health Interactions Effects with GUP and SOUP on Household-Level Economic Indices at Endline 1
(1) (2) (3) (4) (5)

consumption
index

food security
index

asset value index financial inclusion
index

income index

SOUP*bsl mental health index itt 0.080 0.009 -0.066 -0.133 -0.012
se 0.029 0.032 0.047 0.074 0.035
p-val 0.006∗∗∗ 0.781 0.160 0.073∗ 0.742
q-val 0.057 0.956 0.400 0.245 0.956

GUP*bsl mental health index itt -0.058 -0.001 0.042 0.017 -0.036
se 0.032 0.034 0.049 0.095 0.041
p-val 0.067∗ 0.986 0.391 0.860 0.377
q-val 0.245 0.987 0.652 0.956 0.652

SOUP itt 0.129 0.056 0.133 0.514 0.057
se 0.043 0.043 0.068 0.096 0.051
p-val 0.003∗∗∗ 0.193 0.050∗ 0.000∗∗∗ 0.259

GUP itt 0.108 0.035 0.182 0.715 0.181
se 0.045 0.042 0.060 0.100 0.047
p-val 0.016∗∗ 0.404 0.002∗∗∗ 0.000∗∗∗ 0.000∗∗∗

bsl mental health index itt -0.012 -0.005 0.005 0.024 0.022
se 0.015 0.019 0.020 0.026 0.019
p-val 0.410 0.810 0.811 0.356 0.244

The chart contains coefficient estimates from regressions of household-level Economic Indices at year two (the average of outcomes from a
survey two years after program start and surveys between the one and two-year mark) on treatments, the baseline mental health index and
interaction effects between treatments and the baseline mental health index. To prevent perfect collinearity, control households are the
omitted group. I exclude asset only villages from the dataset because baseline mental health data was not collected for them. Regressions
control for re-randomization variables, baseline values of the dependent variable, separate employment programs, and whether the
household was surveyed before the two-year survey. Village fixed effects are included for non-control villages. Standard errors are clustered
at the village level for control households and the household level for other households. To correct for multiple inferences, I compute
Benjamini-Hochberg q-values, with the number of hypotheses defined as the 10 hypotheses tested in this table.
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Table 67: Mental Health Interactions Effects with GUP without savings, GUP with savings, SOUP without matching,
and SOUP with matching on Household-Level Economic Indices at Endline 1

(1) (2) (3) (4) (5)
consumption

index
food security

index
asset value

index
financial

inclusion index
income index

SOUP no match*bsl mental health index itt 0.074 -0.016 -0.138 -0.168 -0.042
se 0.037 0.042 0.062 0.101 0.044
p-val 0.046∗∗ 0.708 0.027∗∗ 0.096∗ 0.337
q-val 0.306 0.868 0.266 0.384 0.725

SOUP match*bsl mental health index itt 0.087 0.039 0.009 -0.091 0.023
se 0.038 0.040 0.066 0.102 0.049
p-val 0.023∗∗ 0.327 0.886 0.376 0.634
q-val 0.266 0.725 0.933 0.725 0.846

GUP no sav.*bsl mental health index itt -0.037 -0.030 0.090 -0.041 -0.019
se 0.044 0.045 0.072 0.076 0.056
p-val 0.399 0.516 0.210 0.588 0.737
q-val 0.725 0.794 0.700 0.840 0.868

GUP sav.*bsl mental health index itt -0.075 0.029 0.005 0.034 -0.053
se 0.040 0.045 0.062 0.150 0.053
p-val 0.062∗ 0.515 0.933 0.821 0.320
q-val 0.310 0.794 0.933 0.912 0.725

SOUP no match itt 0.120 0.028 0.183 0.491 0.054
se 0.052 0.051 0.081 0.117 0.059
p-val 0.021∗∗ 0.576 0.024∗∗ 0.000∗∗∗ 0.360

SOUP match itt 0.139 0.086 0.088 0.548 0.062
se 0.049 0.049 0.076 0.127 0.057
p-val 0.005∗∗∗ 0.082∗ 0.247 0.000∗∗∗ 0.274

GUP no sav. itt 0.139 0.092 0.240 0.168 0.140
se 0.053 0.051 0.073 0.102 0.056
p-val 0.008∗∗∗ 0.069∗ 0.001∗∗∗ 0.099∗ 0.012∗∗

GUP sav. itt 0.078 -0.023 0.128 1.234 0.220
se 0.050 0.048 0.066 0.143 0.056
p-val 0.114 0.635 0.050∗ 0.000∗∗∗ 0.000∗∗∗

bsl mental health index itt -0.012 -0.005 0.004 0.025 0.021
se 0.015 0.019 0.020 0.026 0.019
p-val 0.412 0.810 0.829 0.336 0.248

The chart contains coefficient estimates from regressions of household-level Economic Indices at year two (the average of outcomes from a
survey two years after program start and surveys between the one and two-year mark) on treatments, the baseline mental health index and
interaction effects between treatments and the baseline mental health index. To prevent perfect collinearity, control households are the
omitted group. I exclude asset only villages from the dataset because baseline mental health data was not collected for them. Regressions
control for re-randomization variables, baseline values of the dependent variable, separate employment programs, and whether the
household was surveyed before the two-year survey. Village fixed effects are included for non-control villages. Standard errors are clustered
at the village level for control households and the household level for other households. To correct for multiple inferences, I compute
Benjamini-Hochberg q-values, with the number of hypotheses defined as the 20 hypotheses tested in this table.
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Figure 5.2.2b

Table 68: Mental Health Interactions Effects with GUP and SOUP on Household-Level Economic Indices at Follow-Up
(1) (2) (3) (4) (5)

consumption
index

food security
index

asset value index financial inclusion
index

income index

SOUP*bsl mental health index itt 0.061 -0.007 -0.083 0.051 0.015
se 0.023 0.032 0.054 0.052 0.041
p-val 0.009∗∗∗ 0.832 0.122 0.336 0.713
q-val 0.086 0.972 0.306 0.672 0.972

GUP*bsl mental health index itt -0.004 0.027 -0.002 0.122 0.098
se 0.028 0.033 0.054 0.071 0.051
p-val 0.898 0.403 0.971 0.084∗ 0.055∗

q-val 0.972 0.672 0.972 0.282 0.276
SOUP itt -0.022 0.002 0.022 0.131 -0.076

se 0.034 0.045 0.077 0.072 0.063
p-val 0.516 0.962 0.774 0.071∗ 0.232

GUP itt 0.092 0.112 0.320 0.372 0.231
se 0.036 0.043 0.069 0.079 0.064
p-val 0.011∗∗ 0.010∗∗∗ 0.000∗∗∗ 0.000∗∗∗ 0.000∗∗∗

bsl mental health index itt -0.019 -0.018 0.043 -0.002 -0.033
se 0.012 0.020 0.022 0.022 0.021
p-val 0.112 0.370 0.044∗∗ 0.923 0.123

The chart contains coefficient estimates from regressions of household-level Economic Indices at year three on treatments, the baseline
mental health index and interaction effects between treatments and the baseline mental health index. To prevent perfect collinearity,
control households are the omitted group. I exclude asset only villages from the dataset because baseline mental health data was not
collected for them. Regressions control for re-randomization variables, baseline values of the dependent variable, separate employment
programs, and whether the household was surveyed before the two-year survey. Village fixed effects are included for non-control villages.
Standard errors are clustered at the village level for control households and the household level for other households. To correct for multiple
inferences, I compute Benjamini-Hochberg q-values, with the number of hypotheses defined as the 10 hypotheses tested in this table.
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Table 69: Mental Health Interactions Effects with GUP without savings, GUP with savings, SOUP without matching,
and SOUP with matching on Household-Level Economic Indices at Follow-Up

(1) (2) (3) (4) (5)
consumption

index
food security

index
asset value

index
financial

inclusion index
income index

SOUP no match*bsl mental health index itt 0.070 0.005 -0.121 0.048 0.009
se 0.029 0.041 0.069 0.071 0.052
p-val 0.017∗∗ 0.903 0.082∗ 0.502 0.856
q-val 0.327 0.951 0.327 0.825 0.951

SOUP match*bsl mental health index itt 0.054 -0.020 -0.039 0.051 0.024
se 0.033 0.040 0.077 0.071 0.056
p-val 0.100 0.608 0.609 0.471 0.671
q-val 0.334 0.825 0.825 0.825 0.833

GUP no sav.*bsl mental health index itt -0.022 0.078 0.050 -0.004 0.063
se 0.045 0.042 0.070 0.077 0.067
p-val 0.618 0.061∗ 0.472 0.956 0.349
q-val 0.825 0.327 0.825 0.957 0.825

GUP sav.*bsl mental health index itt 0.016 -0.016 -0.048 0.218 0.125
se 0.028 0.042 0.077 0.106 0.069
p-val 0.562 0.707 0.535 0.040∗∗ 0.071∗

q-val 0.825 0.833 0.825 0.327 0.327
SOUP no match itt -0.046 0.011 0.022 0.164 -0.097

se 0.037 0.051 0.096 0.087 0.071
p-val 0.223 0.838 0.822 0.059∗ 0.173

SOUP match itt 0.002 -0.009 0.025 0.102 -0.051
se 0.041 0.052 0.088 0.084 0.075
p-val 0.952 0.861 0.777 0.228 0.493

GUP no sav. itt 0.129 0.126 0.304 0.187 0.212
se 0.047 0.050 0.080 0.087 0.074
p-val 0.006∗∗∗ 0.012∗∗ 0.000∗∗∗ 0.032∗∗ 0.004∗∗∗

GUP sav. itt 0.053 0.104 0.341 0.545 0.244
se 0.037 0.050 0.083 0.106 0.077
p-val 0.148 0.036∗∗ 0.000∗∗∗ 0.000∗∗∗ 0.001∗∗∗

bsl mental health index itt -0.019 -0.018 0.043 -0.002 -0.032
se 0.012 0.020 0.022 0.022 0.021
p-val 0.113 0.365 0.045∗∗ 0.922 0.127

The chart contains coefficient estimates from regressions of household-level Economic Indices at year three on treatments, the baseline
mental health index and interaction effects between treatments and the baseline mental health index. To prevent perfect collinearity,
control households are the omitted group. I exclude asset only villages from the dataset because baseline mental health data was not
collected for them. Regressions control for re-randomization variables, baseline values of the dependent variable, separate employment
programs, and whether the household was surveyed before the two-year survey. Village fixed effects are included for non-control villages.
Standard errors are clustered at the village level for control households and the household level for other households. To correct for multiple
inferences, I compute Benjamini-Hochberg q-values, with the number of hypotheses defined as the 20 hypotheses tested in this table.
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Figure 5.2.3a

Table 70: Physical Health Interactions Effects with GUP and SOUP on Household-Level Non-Economic Indices at
Endline 1

(1) (2) (3)
time at work index political involvement index female empowerment index

SOUP*bsl physical health index itt 0.032 0.103 0.033
se 0.046 0.047 0.030
p-val 0.486 0.029∗∗ 0.268
q-val 0.518 0.173 0.511

GUP*bsl physical health index itt -0.034 0.043 0.035
se 0.052 0.045 0.030
p-val 0.517 0.340 0.236
q-val 0.518 0.511 0.511

SOUP itt 0.002 -0.008 -0.060
se 0.059 0.062 0.036
p-val 0.978 0.896 0.094∗

GUP itt 0.018 0.190 0.038
se 0.070 0.059 0.037
p-val 0.802 0.001∗∗∗ 0.314

bsl physical health index itt 0.041 0.025 -0.021
se 0.024 0.022 0.014
p-val 0.094∗ 0.242 0.132

The chart contains coefficient estimates from regressions of household-level Non-Economic Indices at year two (the average of outcomes
from a survey two years after program start and surveys between the one and two-year mark) on treatments, the baseline physical health
index and interaction effects between treatments and the baseline physical health index. To prevent perfect collinearity, control households
are the omitted group. I exclude asset only villages from the dataset because baseline physical health data was not collected for them.
Regressions control for re-randomization variables, baseline values of the dependent variable, separate employment programs, and whether
the household was surveyed before the two-year survey. Village fixed effects are included for non-control villages. Standard errors are
clustered at the village level for control households and the household level for other households. To correct for multiple inferences, I
compute Benjamini-Hochberg q-values, with the number of hypotheses defined as the 6 hypotheses tested in this table.
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Table 71: Physical Health Interactions Effects with GUP without savings, GUP with savings, SOUP without matching,
and SOUP with matching on Household-Level Non-Economic Indices at Endline 1

(1) (2) (3)
time at work index political involvement index female empowerment index

SOUP no match*bsl physical health index itt 0.016 0.112 0.003
se 0.059 0.062 0.040
p-val 0.792 0.073∗ 0.937
q-val 0.938 0.374 0.938

SOUP match*bsl physical health index itt 0.050 0.095 0.066
se 0.063 0.062 0.040
p-val 0.426 0.125 0.097∗

q-val 0.731 0.374 0.374
GUP no sav.*bsl physical health index itt -0.091 0.026 -0.006

se 0.078 0.060 0.040
p-val 0.245 0.671 0.883
q-val 0.590 0.914 0.938

GUP sav.*bsl physical health index itt 0.024 0.059 0.075
se 0.059 0.061 0.039
p-val 0.685 0.335 0.053∗

q-val 0.914 0.670 0.374
SOUP no match itt 0.010 0.043 -0.059

se 0.072 0.073 0.042
p-val 0.889 0.558 0.159

SOUP match itt -0.008 -0.057 -0.062
se 0.069 0.072 0.041
p-val 0.909 0.429 0.134

GUP no sav. itt 0.035 0.126 0.019
se 0.081 0.071 0.044
p-val 0.669 0.074∗ 0.666

GUP sav. itt -0.002 0.252 0.055
se 0.080 0.067 0.044
p-val 0.982 0.000∗∗∗ 0.209

bsl physical health index itt 0.040 0.025 -0.021
se 0.024 0.022 0.014
p-val 0.096∗ 0.241 0.129

The chart contains coefficient estimates from regressions of household-level Non-Economic Indices at year two (the average of outcomes
from a survey two years after program start and surveys between the one and two-year mark) on treatments, the baseline physical health
index and interaction effects between treatments and the baseline physical health index. To prevent perfect collinearity, control households
are the omitted group. I exclude asset only villages from the dataset because baseline physical health data was not collected for them.
Regressions control for re-randomization variables, baseline values of the dependent variable, separate employment programs, and whether
the household was surveyed before the two-year survey. Village fixed effects are included for non-control villages. Standard errors are
clustered at the village level for control households and the household level for other households. To correct for multiple inferences, I
compute Benjamini-Hochberg q-values, with the number of hypotheses defined as the 12 hypotheses tested in this table.
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Figure 5.2.3b

Table 72: Physical Health Interactions Effects with GUP and SOUP on Household-Level Non-Economic Indices at
Follow-Up

(1) (2) (3)
time at work index political involvement index female empowerment index

SOUP*bsl physical health index itt -0.077 -0.020 0.012
se 0.046 0.049 0.029
p-val 0.096∗ 0.681 0.680
q-val 0.574 0.854 0.854

GUP*bsl physical health index itt 0.029 -0.019 0.004
se 0.042 0.051 0.029
p-val 0.489 0.711 0.894
q-val 0.854 0.854 0.894

SOUP itt -0.053 0.036 -0.076
se 0.061 0.067 0.036
p-val 0.390 0.594 0.037∗∗

GUP itt 0.051 0.082 0.005
se 0.057 0.067 0.037
p-val 0.364 0.217 0.892

bsl physical health index itt 0.065 0.069 0.002
se 0.022 0.024 0.014
p-val 0.003∗∗∗ 0.004∗∗∗ 0.862

The chart contains coefficient estimates from regressions of household-level Non-Economic Indices at year three on treatments, the baseline
physical health index and interaction effects between treatments and the baseline physical health index. To prevent perfect collinearity,
control households are the omitted group. I exclude asset only villages from the dataset because baseline physical health data was not
collected for them. Regressions control for re-randomization variables, baseline values of the dependent variable, separate employment
programs, and whether the household was surveyed before the two-year survey. Village fixed effects are included for non-control villages.
Standard errors are clustered at the village level for control households and the household level for other households. To correct for multiple
inferences, I compute Benjamini-Hochberg q-values, with the number of hypotheses defined as the 6 hypotheses tested in this table.
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Table 73: Physical Health Interactions Effects with GUP without savings, GUP with savings, SOUP without matching,
and SOUP with matching on Household-Level Non-Economic Indices at Follow-Up

(1) (2) (3)
time at work index political involvement index female empowerment index

SOUP no match*bsl physical health index itt -0.059 0.056 0.029
se 0.057 0.061 0.038
p-val 0.296 0.357 0.441
q-val 0.619 0.619 0.661

SOUP match*bsl physical health index itt -0.095 -0.093 -0.007
se 0.066 0.066 0.038
p-val 0.150 0.156 0.861
q-val 0.619 0.619 0.862

GUP no sav.*bsl physical health index itt 0.013 -0.087 -0.014
se 0.053 0.065 0.038
p-val 0.800 0.184 0.720
q-val 0.862 0.619 0.862

GUP sav.*bsl physical health index itt 0.052 0.065 0.020
se 0.056 0.071 0.039
p-val 0.350 0.361 0.613
q-val 0.619 0.619 0.818

SOUP no match itt -0.031 0.120 -0.097
se 0.071 0.076 0.041
p-val 0.664 0.117 0.019∗∗

SOUP match itt -0.076 -0.051 -0.052
se 0.070 0.078 0.042
p-val 0.279 0.510 0.220

GUP no sav. itt 0.058 0.036 -0.037
se 0.069 0.078 0.043
p-val 0.398 0.649 0.395

GUP sav. itt 0.042 0.116 0.044
se 0.067 0.077 0.042
p-val 0.534 0.129 0.296

bsl physical health index itt 0.065 0.069 0.003
se 0.022 0.024 0.014
p-val 0.003∗∗∗ 0.004∗∗∗ 0.859

The chart contains coefficient estimates from regressions of household-level Non-Economic Indices at year three on treatments, the baseline
physical health index and interaction effects between treatments and the baseline physical health index. To prevent perfect collinearity,
control households are the omitted group. I exclude asset only villages from the dataset because baseline physical health data was not
collected for them. Regressions control for re-randomization variables, baseline values of the dependent variable, separate employment
programs, and whether the household was surveyed before the two-year survey. Village fixed effects are included for non-control villages.
Standard errors are clustered at the village level for control households and the household level for other households. To correct for multiple
inferences, I compute Benjamini-Hochberg q-values, with the number of hypotheses defined as the 12 hypotheses tested in this table.
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Figure 5.2.4a

Table 74: Mental Health Interactions Effects with GUP and SOUP on Household-Level Non-Economic Indices at Endline
1

(1) (2) (3)
time at work index political involvement index female empowerment index

SOUP*bsl mental health index itt -0.016 -0.009 -0.019
se 0.043 0.043 0.027
p-val 0.710 0.824 0.477
q-val 0.824 0.824 0.824

GUP*bsl mental health index itt -0.054 0.024 -0.027
se 0.049 0.042 0.028
p-val 0.270 0.559 0.336
q-val 0.824 0.824 0.824

SOUP itt 0.008 -0.022 -0.065
se 0.059 0.062 0.036
p-val 0.891 0.723 0.069∗

GUP itt 0.022 0.190 0.030
se 0.069 0.060 0.037
p-val 0.750 0.001∗∗∗ 0.425

bsl mental health index itt 0.004 0.002 0.001
se 0.021 0.020 0.014
p-val 0.834 0.905 0.959

The chart contains coefficient estimates from regressions of household-level Non-Economic Indices at year two (the average of outcomes
from a survey two years after program start and surveys between the one and two-year mark) on treatments, the baseline mental health
index and interaction effects between treatments and the baseline mental health index. To prevent perfect collinearity, control households
are the omitted group. I exclude asset only villages from the dataset because baseline mental health data was not collected for them.
Regressions control for re-randomization variables, baseline values of the dependent variable, separate employment programs, and whether
the household was surveyed before the two-year survey. Village fixed effects are included for non-control villages. Standard errors are
clustered at the village level for control households and the household level for other households. To correct for multiple inferences, I
compute Benjamini-Hochberg q-values, with the number of hypotheses defined as the 6 hypotheses tested in this table.
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Table 75: Mental Health Interactions Effects with GUP without savings, GUP with savings, SOUP without matching,
and SOUP with matching on Household-Level Non-Economic Indices at Endline 1

(1) (2) (3)
time at work index political involvement index female empowerment index

SOUP no match*bsl mental health index itt 0.057 -0.030 -0.018
se 0.061 0.057 0.035
p-val 0.349 0.602 0.597
q-val 0.803 0.803 0.803

SOUP match*bsl mental health index itt -0.096 0.007 -0.020
se 0.051 0.055 0.035
p-val 0.061∗ 0.906 0.560
q-val 0.734 0.927 0.803

GUP no sav.*bsl mental health index itt -0.075 0.005 -0.055
se 0.073 0.056 0.036
p-val 0.304 0.926 0.126
q-val 0.803 0.927 0.758

GUP sav.*bsl mental health index itt -0.034 0.037 -0.004
se 0.061 0.054 0.036
p-val 0.580 0.495 0.919
q-val 0.803 0.803 0.927

SOUP no match itt 0.009 0.036 -0.056
se 0.071 0.073 0.042
p-val 0.901 0.623 0.179

SOUP match itt -0.001 -0.075 -0.073
se 0.068 0.072 0.041
p-val 0.991 0.297 0.078∗

GUP no sav. itt 0.044 0.133 0.011
se 0.081 0.071 0.044
p-val 0.586 0.059∗ 0.803

GUP sav. itt -0.001 0.239 0.046
se 0.077 0.067 0.044
p-val 0.986 0.000∗∗∗ 0.287

bsl mental health index itt 0.004 0.003 0.001
se 0.021 0.020 0.014
p-val 0.831 0.896 0.963

The chart contains coefficient estimates from regressions of household-level Non-Economic Indices at year two (the average of outcomes
from a survey two years after program start and surveys between the one and two-year mark) on treatments, the baseline mental health
index and interaction effects between treatments and the baseline mental health index. To prevent perfect collinearity, control households
are the omitted group. I exclude asset only villages from the dataset because baseline mental health data was not collected for them.
Regressions control for re-randomization variables, baseline values of the dependent variable, separate employment programs, and whether
the household was surveyed before the two-year survey. Village fixed effects are included for non-control villages. Standard errors are
clustered at the village level for control households and the household level for other households. To correct for multiple inferences, I
compute Benjamini-Hochberg q-values, with the number of hypotheses defined as the 12 hypotheses tested in this table.
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Figure 5.2.4b

Table 76: Mental Health Interactions Effects with GUP and SOUP on Household-Level Non-Economic Indices at Follow-
Up

(1) (2) (3)
time at work index political involvement index female empowerment index

SOUP*bsl mental health index itt 0.014 -0.032 -0.013
se 0.045 0.045 0.025
p-val 0.758 0.479 0.619
q-val 0.842 0.842 0.842

GUP*bsl mental health index itt 0.076 0.021 0.005
se 0.048 0.047 0.027
p-val 0.118 0.655 0.842
q-val 0.707 0.842 0.842

SOUP itt -0.035 0.055 -0.069
se 0.060 0.066 0.037
p-val 0.560 0.406 0.061∗

GUP itt 0.056 0.091 0.009
se 0.055 0.067 0.037
p-val 0.316 0.173 0.804

bsl mental health index itt -0.007 0.005 -0.005
se 0.021 0.024 0.013
p-val 0.722 0.826 0.671

The chart contains coefficient estimates from regressions of household-level Non-Economic Indices at year three on treatments, the baseline
mental health index and interaction effects between treatments and the baseline mental health index. To prevent perfect collinearity,
control households are the omitted group. I exclude asset only villages from the dataset because baseline mental health data was not
collected for them. Regressions control for re-randomization variables, baseline values of the dependent variable, separate employment
programs, and whether the household was surveyed before the two-year survey. Village fixed effects are included for non-control villages.
Standard errors are clustered at the village level for control households and the household level for other households. To correct for multiple
inferences, I compute Benjamini-Hochberg q-values, with the number of hypotheses defined as the 6 hypotheses tested in this table.
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Table 77: Mental Health Interactions Effects with GUP without savings, GUP with savings, SOUP without matching,
and SOUP with matching on Household-Level Non-Economic Indices at Follow-Up

(1) (2) (3)
time at work index political involvement index female empowerment index

SOUP no match*bsl mental health index itt 0.039 -0.062 0.028
se 0.055 0.057 0.034
p-val 0.484 0.273 0.410
q-val 0.830 0.830 0.830

SOUP match*bsl mental health index itt -0.015 -0.002 -0.057
se 0.066 0.062 0.033
p-val 0.816 0.973 0.083∗

q-val 0.891 0.974 0.499
GUP no sav.*bsl mental health index itt 0.015 -0.018 0.028

se 0.057 0.064 0.036
p-val 0.792 0.777 0.427
q-val 0.891 0.891 0.830

GUP sav.*bsl mental health index itt 0.131 0.055 -0.019
se 0.069 0.060 0.033
p-val 0.059∗ 0.359 0.577
q-val 0.499 0.830 0.865

SOUP no match itt -0.018 0.126 -0.097
se 0.069 0.076 0.042
p-val 0.793 0.098∗ 0.021∗∗

SOUP match itt -0.054 -0.018 -0.041
se 0.069 0.077 0.042
p-val 0.430 0.820 0.334

GUP no sav. itt 0.059 0.052 -0.025
se 0.067 0.078 0.044
p-val 0.373 0.504 0.566

GUP sav. itt 0.046 0.127 0.045
se 0.066 0.077 0.042
p-val 0.485 0.099∗ 0.286

bsl mental health index itt -0.007 0.005 -0.005
se 0.021 0.024 0.013
p-val 0.725 0.830 0.670

The chart contains coefficient estimates from regressions of household-level Non-Economic Indices at year three on treatments, the baseline
mental health index and interaction effects between treatments and the baseline mental health index. To prevent perfect collinearity,
control households are the omitted group. I exclude asset only villages from the dataset because baseline mental health data was not
collected for them. Regressions control for re-randomization variables, baseline values of the dependent variable, separate employment
programs, and whether the household was surveyed before the two-year survey. Village fixed effects are included for non-control villages.
Standard errors are clustered at the village level for control households and the household level for other households. To correct for multiple
inferences, I compute Benjamini-Hochberg q-values, with the number of hypotheses defined as the 12 hypotheses tested in this table.
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