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Abstract 
 

This work was supported by the Korea International Cooperation Agency (KOICA) 

under the title of " Evaluation of the KOICA Agribusiness Partnership Project " in 

2022 년 (No. P2021-00134-1)   

 

Keywords: Rural development, Heterogeneous treatment effect, 

ATE, GRF, Propensity score matching   

Student Number: 2021-20395 

 

This study serves two objectives. Firstly, it aims to investigate 

whether the implementation of community-based targeting has led 

to the marginalization of certain households, resulting in their 

exclusion from program participation. Secondly, it seeks to 

comprehend the varying impacts of rural development programs on 

household income in Malawi, contingent upon household 

characteristics, using machine learning techniques. 

The study makes use of cross-sectional survey data amassed in 

2022, encompassing information from 745 rural households in Malawi, 

including comprehensive details about the socioeconomic status of 

farmers. This dataset was compiled as a part of the evaluation 

process for the KOICA Agricultural Business Partnership Project, 

which was financially supported by KOICA. 

To assess both the average and diverse effects of rural 

development initiatives, the study employs propensity score 

matching and generalized random forest methodologies to analyze the 

factors influencing participation choices. The outcomes of the 

analysis underscore that household size and household literacy 
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positively correlate with the likelihood of engaging in the program. 

Consequently, there might be households that are inadvertently 

excluded from program participation. Furthermore, the study detects 

statistically significant instances where local influential figures 

influenced the selection of project beneficiaries. 

Lastly, the results yielded by the generalized random forest 

algorithm exhibit discernible disparities in household characteristics 

between the lowest and highest performing groups. The findings 

imply that farmers possessing a certain threshold of assets or more 

experience negligible income effects, or even observe income 

increments, thereby implying the necessity for alternative strategies 

beyond agricultural input subsidies and farming training initiatives. 
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Chapter 1. Introduction 
 

1.1. Research Backgrounds  
 

Agricultural input subsidies, farmer training programs, and the 

provision of cash transfers have been key strategies to tackle the 

issue of chronic poverty and food insecurity in Malawi. These policies 

aimed to improve agricultural input accessibility and increase 

productivity. Although some studies documented positive impacts on 

maize yields and household income, concerns have been raised 

regarding the sustainability of these interventions. This is because 

the financial and opportunity costs associated with these programs 

are extremely high (Dorward and Chirwa, 2011; Chibwana and Fisher, 

2011; Minot and Benson, 2009). For example, in 2009, Farm Input 

Subsidy Program(FISP) cost 74 percent of the Ministry of 

Agriculture budget and 16 percent of the entire Malawian government 

budget(Lunduka et al., 2013). In 2020, the program was still allocated 

over 20 percent of the agriculture budget to target 900,000 

farmers(Nyasa Times, 2019). 

The constrained budgets and resources have underscored the 

necessity for improved allocation methods. However, the challenge 

lies when the donors attempt to reach specific sub-populations, 

primarily due to the absence of administrative structures and basic 

infrastructure prevalent in developing nations. As a result, the Malawi 

government and many aid agencies are using community-based 

targeting to distribute goods.  
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The community-based targeting or decentralized targeting has 

benefits on the quality of information and cost efficiency. Local 

leaders or community agents are very likely to be aware of the 

villagers and their demands. According to Platteau(2004), there is a 

lot of empirical evidence that communities are considered more 

proficient than a central government or an external donor in several 

aspects. They possess the ability not only to establish priorities, 

identify deserving beneficiaries, and design programs but also to 

select appropriate techniques and inputs. Moreover, communities are 

adept at enforcing rules, monitoring behavior, and verifying actions, 

thereby serving as a formidable entity in the execution and 

supervision of development programs(Basurto et al., 2020). 

However, the decentralized or community-based targeting 

approach is not without its challenges, one of which is the increased 

risk of elite capture. Elite capture refers to the phenomenon when 

powerful individuals or groups manipulate development programs to 

their advantage. It is known to offsets the benefits mentioned above 

(Mansuri and Rao, 2012; Beath et. al., 2014). In addition to the 

potential risk of capturing local elites, a variety of community 

characteristics, including inequality, institutional capacity, poverty, 

and political affiliation, can greatly influence the effectiveness and 

efficiency of local level targeting efforts(Bardhan and Mookherjee, 

2000; Stifel and Alderman, 2005). 

 The difficulty of targeting also becomes more complex when donors 

try to target people who can maximize the impact of an intervention. 

While it is possible to identify the poorest and most vulnerable 
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households, at least through metrics such as assets and incomes, it 

is difficult for local leaders with more information than the central 

government to predict which subpopulation will perform best. 

Nevertheless, donors are likely to wonder what separates those 

who will benefit from intervention from those who will not since 

development programs in the agriculture sector are often linked to 

financial profitability. For example, businesses with substantial 

intervention costs may experience significant returns by 

implementing more effective targeting strategies (Bandiera et al., 

2017). If donors can identify observable characteristics that predict 

which households are likely to benefit from an intervention, we can 

use these findings to share the impact more broadly, either by better 

targeting the intervention or by identifying other limiting constraints 

that a modified intervention might alleviate(Carter et al. 2019).  

This approach is often referred to as uplift modeling and its goal is 

to reliably predict individual treatment effects (ITEs) to optimize 

targeting policies. This is similar to the concept of heterogeneous 

treatment effects(HTEs) which has been analyzed in economics 

through sub-group analysis. However, the terminology used in the 

two fields is different and the related research has been largely 

independent (Rößler and Schoder, 2022). 

 

1.2. Research Objectives 
 

This is a case study evaluating the impact of rural development 

programs conducted in Mchinji and Kasungu District, Malawi. More 
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specifically, this study contributes to the debate on the beneficiary 

targeting strategy by estimating the heterogeneous impact of rural 

development programs. 

We hypothesize that the community-based beneficiary targeting 

implemented in Malawi is not the best way of choosing beneficiaries. 

It could increase the likelihood of local elite groups capturing 

development programs (Plateau, 2004). Another hypothesis that we 

are interested in is that the performance of the project will vary 

depending on the socio-economic characteristics of the farmers and 

that the attributes of the farmers who perform well will be 

distinguished from those who do not. Therefore, our research 

questions are as follows. 

 

1. Are there any households that are alienated from the program 

due to community-based targeting? 

2. What are the characteristics of the best and worst performers 

of the rural development programs? 

 

By answering the first question, we examine whether the 

community-based targeting has properly allocated the resources. 

The second question is about the impact heterogeneity of households 

that participated in the program. It aims to contribute to the 

establishment of targeting strategies for rural development programs 

in the future by comparing the different characteristics of households 

that are alienated from participation in the project or show poor 
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performance in the project despite the high probability of 

participation in the project.  

 

1.3. Content 
 

This paper is organized as follows. Chapter 1 describes the 

background, needs for the study, and the objectives of the study. 

Chapter 2 provides a literature review related to our topics.; Chapter 

3 discusses the potential outcomes framework and causal analysis 

methods such as propensity score matching(PSM) and generalized 

random forest(GRF). Chapter 4 presents a brief description of the 

rural development program implemented by a Korean organization 

and on collected survey data. Chapter 5 focuses on the result and 

estimated heterogeneous treatment effects of the programs.  Finally, 

Chapter 6 summarizes the findings and implications for future rural 

development cooperation programs. 

 

Chapter 2. Literature Reviews 
2.1.  Community-Based Development and Elite 

Capture 
 

Farmers in the poorest countries, such as Malawi, also have 

heterogeneous characteristics. These characteristics play an 

important role in farmers' decision-making. For example, households 

with more resources and wealth are generally better positioned to 

gain market access and are more likely to participate in social 

networks (Ruben and Pender, 2004) and have different attitudes 
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toward uncertainty, so farmers' willingness to diversify from food 

crop production to higher-value cash crops or other profitable 

activities (Key et al., 2000). Farm size is also a very important factor 

in determining crop productivity. Generally, it is known that the larger 

the farm size, the more profitable and productive it is like farm 

companies, but the lack of agricultural infrastructure and labor 

markets in some developing countries shows that productivity 

decreases as the farm size increases. (Rapsomanikis, 2015). For this 

reason, understanding the diversity of farm characteristics and the 

consequences is very important for a successful development 

program. 

However, research on the heterogeneous effects of rural 

development programs is very partial. In particular, conditional cash-

assisted randomized experimental data are often used because many 

samples are needed to estimate heterogeneous treatment effects. For 

example, Handa et. al. (2010) analyzes the heterogeneous effects of 

PROGRESA, a conditional cash aid program conducted in Mexico. The 

analysis identifies the systematic heterogeneity of conditional 

treatment effects based on household poverty levels, household 

heads' education levels, and access to basic infrastructure such as 

water and electricity. When randomized trials are not conducted, such 

as Pufahl and Weiss (2009), methods such as propensity score 

matching can be used to analyze how the performance of the 

agricultural environment program depends on the probability of 

participation.  
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Another reason why it is difficult to confirm the heterogeneous 

treatment effect is presented in detail in Wager and Athe (2019). To 

confirm the heterogeneous treatment effect, the treatment effect is 

estimated separately by dividing it into subsets using related 

variables. The most intuitive way to find the group with the most 

heterogeneous treatment effects is to divide and compare them 

repeatedly with related variables, and then report only extreme 

subsamples that can emphasize the wrong heterogeneity of treatment 

effects. (Assmann et al., 2000; Cook et al., 2004). For this reason, in 

the case of randomized control experiments (RCT), a protocol in 

which researchers select and report in advance the group to confirm 

the heterogeneity of the treatment effect before the experiment is 

used. However, in this case, there is a disadvantage in that it is 

difficult to detect heterogeneity that researchers have not thought 

about in advance. However, the GRF algorithm, a machine learning 

method, can divide the optimal clusters with the highest 

heterogeneity and alleviates the problem of unbalanced sampling and 

overfitting through bootstrap aggregating (bagging) using repetitive 

extraction. 

The analysis of the heterogeneous effects of rural development 

programs through the GRF algorithm is as follows. Beaman et al. 

(2021) used the GRF algorithm to analyze changes in productivity 

resulting from the issuance of credit guarantees by farmers. The 

analysis showed that the effect was different depending on the initial 

productivity level of farmers. In other words, farmers with high initial 

productivity maintained high productivity even when they were 
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issued guarantees, while farmers with low initial productivity 

maintained low productivity even when they were issued guarantees.    

Deines et al. (2019) use satellite data to analyze the impact of 

conservation crops on yields in the Corn Belt area of the United 

States. The analysis showed that conservation cultivation had a 

positive effect on the yield. In addition, the GRF algorithm confirmed 

that the effect of conservation agriculture varies depending on the 

amount of rainfall.  

Carter et al. (2019) measured the heterogeneous effects of the 

Rural business development program using randomized controlled 

experimental data, quantile regression, and GRF algorithms. As a 

result, the average effect of cash payments to Nicaraguan farmers 

was not observed, but the earliest disadvantaged households saw the 

largest increase in income in the latter half of the farm households. 

 

2.2.  Community-Based Development and Elite 

Capture 
 

Development approaches have evolved over the past few decades 

in various forms. While it is difficult to cover the entire history of this 

study, development approaches have evolved toward greater 

community participation.  

Top-down development approaches emerged in the 1970s when 

large-scale investment so-called “big development” began to gain 

traction as a development paradigm. However, they were soon 

criticized by scholars for disempowering beneficiaries and being 
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ineffective (Escobar, 2011; Scott, 2020). Accordingly, it quickly fell 

out of favor in the 1990s, when trends toward economic and political 

decentralization combined with the fundamental flaws of the top-

down approach(Binswanger-Mkhize et al., 2010). 

 

<Table 2> Timeline of Development Approaches 

 

Indicator 1950s 1960s 1970s-80s 2000s 2005s~ 

Development 

approach 

Centralized, 

decentralized 

Sectoral, 

technology-led, 

green revolution, 

irrigation 

development 

Special area or 

target group, ADP 

and 

IRDP, NGOs 

and private 

sector 

Community-Based 

Development 

Local and 

Community Driven 

Development 
 

Community 

involvement 

      

Source: Author Modified from Binswanger-Mkhize et al. (2010) 

 

The community-based(CBD) and community-driven(CDD) 1 

development approach was introduced as an alternative. CBD gives 

control of decisions and resources to community groups It is 

considered as a mainstream method to fight poverty and overcome 

the shortcomings of single planner-directed aid resources(top-

down development). It is also a general advantage of community-

based programs that they can identify localized development needs 

and target development programs with much more accurate 

information than external donors or the central government. 

 
1 The distinction between CBD and CDD is often vague. However, in this study we 

will follow World Bank’s definition: CBD is defined as community consultation and 

participation, whereas CDD is defined as community empowerment with community 

control over projects and resources(Binswanger-Mkhize et al., 2010).  

Minimal Consultation Participation Empowerment 
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Nevertheless, as with many economic theories, community 

members and their representatives also act in their self-interest. 

Indeed, poor people often expect village elites to manage aid 

programs and prioritize their interests as a form of compensation for 

their leadership roles (Kumar, 2002; Platteau and Abraham, 2002; 

Platteau and Gaspart, 2003).  For example, Andersen et al. (2022) 

empirically analyzed how country-level foreign aid is captured by 

elites through the relationship between bank deposits in offshore 

financial centers and the amount of foreign aid. Alatas et al. (2019) 

conducted a randomized experiment in Indonesia and find that when 

elites gain more control over development programs, households 

connected to them benefit more. At the same time, they argue that 

the losses from elite capture are not so great because of improved 

access and targeting of poor households. 

 In addition, as discussed in the previous chapter, there is a large 

body of evidence from rural development programs targeting the poor 

in countries such as China, Malawi, and Zambia that local elites have 

influenced not only participation in but also benefits from, these 

programs (Han and Gao, 2019; He and Wang, 2017; Musgrave and 

Wong, 2016; Kita, 2019; Chibwana et al., 2010). 

Another issue that CBD has overlooked is the heterogeneity of local 

communities. The argument that local communities are more 

accountable to the poor was developed on the assumption that local 

communities are homogeneous(Seabright, 1996). Rural areas in 

developing countries are also characterized by a distinction between 

local elites and commoners, and between high- and low-income 
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earners (Platteau, 2004). Power asymmetries between elites and 

commoners are bound to cause the preferences of the former to 

prevail over those of the latter, leading to the problem of elite capture 

in situations where strong preference differences exist between the 

two components of society. Furthermore, in communities with high 

heterogeneity, conflicts between different stakeholders are more 

likely to occur. As Mansuri and Rao (2012) point out, elite capture 

also tends to be greater in communities that are far from centers of 

power, have low literacy, are poor, or have significant caste, race, 

and gender disparities.  

According to Platteau, et al. (2014), local elites can distort local 

development demand to external donors rather than simply embezzle 

goods from development programs. The paper discusses a three-

stage game in which the elite group first proposes a program to a 

donor, and the donor then decides whether to fund the program. The 

article suggests that given their power and influence within the 

community, local elites may propose programs that do not 

necessarily align with the needs and priorities of the target population. 

However, if donors can gain information about community 

preferences through participatory processes, they can limit the 

ability of local elites to manipulate donors' perceptions of community 

needs and priorities. 

Therefore, this study aims to determine how the intervention of 

local leaders in the beneficiary selection process of rural 

development programs in Malawi influenced the decision to 

participate in the programs and to estimate the heterogeneous 
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treatment effects of the programs using the generalized random 

forest algorithm to better inform donors who support rural 

development programs in the future to reduce the likelihood of elite 

capture. 

 

2.3. Local Governance and Chiefs in Malawi 
 

As described in Chapter 1, local governance plays an important role 

in rural development programs. However, despite its importance, 

research on it is limited to a few disciplines, such as anthropology 

and sociology. 

Local leaders in Malawi can be categorized into two types: 

traditional leaders, including chiefs or traditional authorities (TAs), 

group village heads (GVHs), and village headmen (VHs), and 

democratically elected leaders, such as village development 

committees (VDCs) and local government officials. These leaders are 

responsible for maintaining peace and order, resolving disputes, and 

promoting community development. While traditional chiefs can 

collaborate with VDCs to achieve common goals, they have distinct 

roles and responsibilities in local governance (Maiden et al., 2021). 

This study focuses on traditional leaders, such as VHs and GVHs, 

who may have had a direct influence on the selection and 

implementation of program beneficiaries of the rural development 

program. They are also known to have consistent hierarchical order. 

The Chiefs Act of 1967 in Malawi establishes provisions for the 

"recognition, appointment, and functions" of chiefs, and introduces a 
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hierarchical structure of chieftaincy. Within a district, there exist 

multiple TA areas, each governed by a TA and comprising several 

GVH areas. Certain TAs are elevated to the positions of senior and 

paramount chiefs, responsible for overseeing other TAs.  A GVH 

area represents a cluster of villages, led by a GVH. The village, 

consisting of households, serves as the smallest administrative unit, 

headed by a VH. The authority to appoint a paramount chief, senior 

chief, or TA lies with the president, whereas the appointment of 

GVHs and VHs is carried out by the chief or sub-chief, often 

following a hereditary system(Kita, 2019). 

 Previous research has demonstrated that involving traditional 

leaders in development programs is commonplace in Malawi. For 

instance, during the implementation of the FISP in 2009, chiefs held 

large meetings with all beneficiary households to distribute the 

subsidies. The interview presented by Eggen (2011) shows that the 

chiefs had a clear understanding of the government's intention to 

distribute the subsidies to those who needed them most.  

However, Chibwana et al. (2010) found that households headed by 

young women were less likely to receive subsidies compared to 

households headed by men. Additionally, it was observed that richer 

households had a higher likelihood of receiving vouchers compared 

to poorer households. These findings raise concerns about equity in 

the distribution process, as local chiefs and village development 

committees were instructed to distribute coupons and vouchers to 

the most vulnerable households in their communities. Basurto et al. 

(2020) found even more evidence of elite capture than Chibwana et 
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al. (2010) in the same program. They find that targeting poor 

households and distributing vouchers through local leaders increases 

the probability that relatives of local leaders will benefit by about 

11%. 

Despite empirical evidence indicating that involving traditional 

leaders in Malawi can result in elite capture and hinder effective 

targeting, most studies are critical of excluding traditional leaders 

from development programs. Kita (2019) highlights the positive role 

of chiefs in managing climate change adaptation and disaster risk 

reduction in rural Malawi, arguing that confronting traditional leaders 

does not necessarily prevent elite capture. Musgrave and Wong 

(2016) utilize the case of Zambia to illustrate that addressing elite 

capture requires a nuanced understanding of power relations, and 

that democratization is not always a solution to the problem, 

particularly in sparsely populated and relatively small communities. 

 

Chapter 3. Empirical Methods 
 

3.1. Potential Outcome Framework  
 

The fundamental problem with estimating causal effects in social 

science is that it is impossible to observe the same unit of outcome 

with and without treatment (Holland, 1986). More specifically, if we 

define 𝑌 as a variable of interest, the causal impact on 𝑌 would be 

an outcome for treated if treated, which can be denoted as 𝑌1 minus 

outcome for treated if not treated, which can be denoted as 𝑌0. Thus, 

∆ can be defined as the gain from treatment. Because it is impossible 
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to observe both 𝑌0 and  𝑌1 on the same individual at the same time, 

the gain ∆ cannot be estimated for each individual(Glewwe & Todd, 

2022).  

 

 𝑌1 − 𝑌0 ≡ ∆ (1) 

 

 𝐴𝑇𝐸 = 𝐸[𝑌(𝑊 = 1) − 𝑌(𝑊 = 0)] = 𝐸[∆] (2) 

 

 𝐶𝐴𝑇𝐸 =  𝐴𝑇𝐸(𝑥) = 𝐸[𝑌(𝑊 = 1) − 𝑌(𝑊 = 0)|𝑋 = 𝑥] (3) 

 

<Table 3> shows this more intuitively. Let N be the total number 

of samples. 𝑋𝑖 represents the covariate values of 𝑖𝑡ℎ unit out of a 

total of N units. The 𝑦1𝑖 is the value of the outcome variable when 

unit 𝑖 is treated. On the other hand,  𝑦0𝑖 represents the value of the 

outcome variable when 𝑖 is not treated. 

If the potential outcomes (𝑌1or 𝑌0) were all observable, the unit 

level of causal effect would have been calculated. However, the only 

data that can be observed in the potential outcome column are the 

bolded numbers so it's not possible to directly estimate the treatment 

effect. If the treatment was randomly assigned, we can estimate an 

unbiased average effect, but if the treatment was not randomly 

assigned, selection bias may occur due to differences between the 

control and treatment groups. Thus, it is difficult to estimate precise 

causal effects in observational studies. 

 Therefore, when the effect of a program is estimated, the average 

treatment effect is estimated, which is called the average treatment 
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effect (ATE). Like Eq (3), it is possible to estimate ATE for a certain 

group with identical characteristics, which can be denoted as 𝑋. 𝑋 is 

a vector of variables that are observed by researchers.  

 

<Table 3> Potential Outcomes and Causal Effects 

 

Units Covariates 

 

Treatment 

 

Potential Outcomes ITE 

 𝑋 𝑊 𝑌1 𝑌0 

1 𝑥1 1 100 90 10 

2 𝑥2 1 90 75 15 

… … … … … … 

𝑖 𝑥𝑖 0 𝑦1𝑖 𝒚𝟎𝒊 𝑦1𝑖 − 𝑦0𝑖 

… … … … … … 

𝑁 𝑥𝑁 0 110 75 35 

Source: modified from Rubin (2005) and Rubin (1978) 

 

While traditional methods are focused on estimating ATEs in an 

experimental and observational environment, recent research has 

made it possible to predict customized estimates for individuals. 

In particular,  the convergence of causal inference with machine 

learning has been actively researched in recent years to incorporate 

the advantages of machine learning into potential outcome 

frameworks. For an overview, see Belloni et al.(2014), and Athey et 

al. (2019). These studies show that machine learning offers some 

improvement over traditional methods in estimating causal effects. 

For example, Athey et al. (2019) states that the generalized random 

forest algorithm is more suitable for causal inference tasks than 
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matching in terms of the issues raised by King and Nielsen (2019)2 

because they directly balance covariates. In addition, they have more 

functional flexibility than the parametric methods. 

 

3.2 Propensity Score Matching  
 

PSM is one of the popular methods for estimating ATE and ATT in 

non-randomized studies. The basic idea is to create matched 

comparison samples of the treated group and control 

group(Rosenbaum and Rubin, 1983). However, to avoid the 

fundamental problem of causal inference, two assumptions must be 

satisfied. The first assumption is unconfoundedness or strong 

ignorability(Rosenbaum and Rubin, 1983; Imbens and Rubin, 2015), 

that is, that treatment assignment is independent of potential 

outcomes conditional on covariates. 

 

 {𝑌𝑖
(0)

, 𝑌𝑖
(1)

} ⫫ 𝑊𝑖 ∣ 𝑋𝑖 (4) 

 

 0 < Pr(𝑊 = 1|𝑋) < 1 (5) 

 

The second assumption is the overlapping assumption. It states 

that there must be some overlap in the distribution of propensity 

scores between the treatment and control groups. By assuming 

unconfoundedness and overlapping, the average effect on conditional 

 
2 King and Nielsen (2019) argued that PSM estimators are not only biased, 

but also increase the imbalance in the data because they try to approximate 

a randomized experiment. 



 

 １８ 

X can be considered an unbiased estimate of the true effect (Imbens 

and Rubin, 2015). 

 Propensity scores are then used to match treated and untreated 

individuals with similar scores. The matching process creates a 

comparison group similar to the treatment group in terms of 

observable characteristics. Although the matching process itself can 

be non-parametric, parametric models like probit or logit are 

generally used for models to estimate propensity scores. The 

propensity score can be defined by the following Eq (6). 𝑒(𝑋) 

represents propensity score, Pr represents the probability, and 𝑊 

represents treatment assignment which is 1 if treated. Lastly,  𝑋 

means a vector of covariates.   

 

 𝑒(𝑋) = Pr (𝑊 = 1|𝑋) (6) 

 

 𝐶(𝑖) = {𝑗|min‖𝑃𝑖 − 𝑃𝑗‖}, 𝑗 ∈ 𝐼0 (7) 

 

The goal of PSM is to create a comparison group that is similar to 

the treatment group in terms of observable characteristics. This 

allows researchers to estimate the causal effect of the treatment by 

eliminating possible selection bias if assumptions hold. Therefore, 

after estimating the propensity score, it is necessary to decide on a 

matching method to construct a control group that is as similar as 

possible, and this study used nearest-neighbor matching among 

various matching methods. 
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As in the formula, where 𝐶(𝑖) is the control group paired with a 

treatment group using propensity score estimates? 𝑃𝑖. In this case, 

1:1 matching or 1:n is also possible depending on the situation, and 

1:n matching has the advantage of reducing the waste of sample size 

and generally improving the standard error (Lee, 2018). Therefore, 

this study aims to increase the reliability of the results by 

simultaneously showing the results from 1:1 matching to 1:2 

matching. 

 

3.3. Generalized Random Forest 
 

The GRF algorithm, introduced by Athey et al. (2019), is a 

nonparametric estimation method that can be applied to many forms 

of econometric models. In this chapter, we outline the general 

concept and steps of the GRF algorithm to estimate conditional 

average treatment effects (CATE) and personalized treatment 

effects. 

GRF is a generalized method of the causal forest. It is based on 

the random forest method which was initially proposed for the 

prediction and estimation of conditional average purpose (Breiman, 

2001a). However, using random forest on predicting program impact 

cause problem arises because it evaluates predictive power via mean 

squared error. As Davis and Heller (2017) pointed out, MSE is no 

longer an acceptable standard fit when applying a potential outcome 

framework. This is due to the bias-variance trade-off problem 
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discussed in Breiman (2001b): minimizing the mean square error to 

increase predictive power will bias the estimate. 

To address this issue, Athey and Imbens (2016) proposed a 

methodology for constructing decision trees that aim to maximize the 

variance or heterogeneity of treatment effect estimates. They 

recognized the need to address overfitting and maintain proper 

inference, leading to the introduction of the honest tree estimation 

approach. This approach advocates for dividing the training sample 

into two distinct subsamples. One subsample is exclusively used for 

growing the tree and determining its splits, while the other subsample 

is employed for estimating the treatment effect within the resulting 

leaves. 

Wager and Athey (2018) further extended the concept to a forest-

based approach, seeking to enhance the accuracy of treatment effect 

estimation. By adhering to the “Honesty” conditions, a causal forest 

can estimate treatment effects that demonstrate consistency and 

asymptotic normality, enabling their utilization for statistical 

inference. The procedure can be described as outlined by Wager and 

Athey (2018). 

To pick good splits, the training sample, denoted as J, needs to 

be divided into two distinct subsets: J1 and J2. J1 is utilized to 

construct the decision tree, while J2 is employed in conjunction with 

the forest to compute weights. These weights are subsequently 

utilized to minimize a weighted local function, enabling the estimation 

of the conditional treatment effect. The weights assigned to each 

observation indicate their relative importance in estimating the 
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conditional treatment effect. To illustrate the methodology, we 

provide an example that elucidates the process in terms of these two 

training sub-samples. 

 

<Figure 3> The Honest Split Process 

 

The algorithm uses sub-sample J1 to construct the nodes and 

leaves of a tree. To form a node, the algorithm randomly selects 𝑚 

covariates and assesses which one among them serves as the optimal 

splitting variable. Next, as It is illustrated in <Figure 3>, there are 

two steps to decide the “best” splitting covariate. In the process, 

the GRF normally consumes half of the sample. Given that the GRF 

method is known to work best with large samples (Davis and Heller 

2017), the sample size of this study is not a positive for the analysis.  

Therefore, we modified the “Honest” parameter of the model 

from 0.5 to 0.3 so that it consumes only one-third of the sample 

rather than half of the sample. This will increase the predictive power 

Source: Author 
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of the model in situations where the sample size is relatively 

small(Wager and Athey, 2019).  

The first step begins with calculating  𝜏𝑝(𝑥), which is an estimate 

of the CATE described in Eq. (3).  �̂�𝑝(𝑥) is calculated by solving the 

following moment condition, which is in Eq. (8). In Eq.(8) �̅�𝑖 and �̅�𝑖 

represents the value of the derivative of 𝑊 and 𝑌 , which stand for 

the treatment variable and the outcome variable. 𝜌𝑖 is the pseudo-

outcomes calculated by  �̂�𝑝(𝑥). 

 

 ∑ 

𝑖∈𝑃

�̅�𝑖(�̅�𝑖 − 𝜏𝑃(𝑥)�̅�𝑖) = 0 (8) 

 

 𝜌𝑖 = �⃗⃗� 𝑖(�̅�𝑖 − �̂�𝑃(𝑥)�̅�𝑖) (
∑  𝑖∈𝑃 �̅�𝑖

2

#{𝑖 ∈ 𝑃}
)

−1

 (9) 

 

 

The second step is splitting the samples. By running the standard 

random forest using 𝜌𝑖  of Eq. (9), we split the parent node 𝑃 .  

Divided nodes 𝐶1 and 𝐶2 are the “best” splitting covariates that 

are chosen based on maximizing the following criterion which is on 

Eq. (10). This splitting algorithm is repeated at each child to create 

new partitions when it is possible. 

 

 Δ⃗⃗ (𝐶1, 𝐶2) = ∑  

2

𝑗=1

1

#{𝑖 ∈ 𝐶𝑗}
( ∑  

#{𝑖∈𝐶𝑗}

𝜌𝑖)

2

 (10) 
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Having generated an ensemble of trees, we use the forest to create 

treatment effect predictions conditional on specific values of the 

covariates by using sub-sample J2. For example, if the effect is 

conditioned on 𝑥𝑝, then in the 𝑏th tree, we can calculate a tree weight 

𝛼𝑖(𝑥𝑝) for the 𝑖 th observation of the training sample. Therefore, 

CATE or �̂�(𝑥) can be estimated like Eq.(12). The (−𝑖) superscripts 

denote out-of-bag3 predictions meaning that 𝑌𝑖  was not used to 

compute �̂�(−𝑖)(𝑋𝑖).   

 

 �̂�(𝑥) = ∑  

𝑛

𝑖=1

𝛼𝑖(𝑥)𝑌𝑖 , 𝛼𝑖(𝑥) =
1

𝐵
∑  

𝐵

𝑏=1

1({𝑋𝑖 ∈ 𝐿𝑏(𝑥), 𝑖 ∈ 𝒮𝑏})

|{𝑖: 𝑋𝑖 ∈ 𝐿𝑏(𝑥), 𝑖 ∈ 𝒮𝑏}|
 (11) 

 

 �̂�(𝑥) =
∑  𝑛

𝑖=1 𝛼𝑖(𝑥) (𝑌𝑖 − �̂�(−𝑖)(𝑋𝑖)) (𝑊𝑖 − �̂�(−𝑖)(𝑋𝑖))

∑  𝑛
𝑖=1 𝛼𝑖(𝑥)(𝑊𝑖 − �̂�(−𝑖)(𝑋𝑖))

2  (12) 

 

This study uses the GRF algorithm described above to grow a 

forest that predicts the individual treatment effects of rural 

development programs. This allows us to derive the average 

treatment effect under the unconfoundedness assumption and derive 

the CATE. Finally, we use the out-of-bag predicted treatment effect 

to identify which covariates are associated with the impact 

heterogeneity. 

 

 
3 The term “out-of-bag” is from bagging(bootstrap aggregating) of random 

forest algorithm. It means the samples that were not used to grow the tree 

through bootstrapping and can be used as evaluation set(Breiman, 2001). 
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Chapter 4. Data 
 

4.1. Program Description 
 

 

This paper uses the cross-sectional data collected from the impact 

evaluation program conducted Korea International Cooperation 

Agency (KOICA) and Seoul National University. The development 

programs evaluated were two rural development programs that were 

jointly supported by KOICA and two Korean NGOs from 2018 to 2020, 

respectively. 

 

<Table 1> The Program Description 

 

Name Sustainable Income Generation Program 

through Conservation Agriculture in 

Malawi 

The Management of Agricultural 

Distribution Business to Improve the 

Rural Community’s Quality of Life 

Period 2018 ~ 2020 (3 years) 

Location District of Mchinji and Kasungu, Malawi  

Goals  ◼ Increase local farm incomes. 

◼ Improve soil fertility. 

◼ Enhance resident self-reliance. 

◼ Provide stable markets and food security systems. 

Major 

Activities 
• Provide farming inputs/farm equipment,  

• Build irrigation facilities and grain storage warehouses. 

• Conservation agriculture and productivity training  

• Operate social enterprise business for a stable market.  

• Self-reliance training 

• Food(Maize) assistance 

Source: Author 

The main activities of the programs were subsidies and training for 

farmers. Both programs share some similarities in terms of 

objectives and location. However, this study focuses on another 

common aspect between the two programs: the beneficiary selection 
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process. As previously mentioned, exogenous donors often rely on 

community leaders to address information asymmetry(Platteau, 2004; 

Platteau et al., 2014). In line with this approach, both rural 

development programs in Malawi employed a similar beneficiary 

selection process. Internal documents indicate that these programs 

followed a similar procedure as shown in <Figure 1>. 

 

<Figure 1> Beneficiary Selection Process 

 

 

 The organizations conducted focus group interviews with local 

representatives to identify development needs and discuss 

preliminary plans for the program. After designing the program, they 

hold program presentations to share brief information about the 

program's purpose and activities with residents to sign up volunteers. 

Recruiting residents for program presentations is also done through 

community leaders. Finally, based on the list of voluntary participants 

and the conditions of participation in the program, The local leaders 

Source: Author  
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and staff from NGOs checked their eligibility as beneficiaries of the 

program. 

The terms of participation in the programs varied but often lacked 

specificity. In one program, participants were required to be 

enthusiastic individuals with a good reputation for repaying loans and 

an understanding of the program's rules. In another program, 

beneficiaries were selected based on vulnerability to the food crisis 

or their eagerness to participate, with local leaders entrusted with 

the review process. However, these vague targeting conditions and 

methods for selecting beneficiaries can give rise to two major 

problems. 

The first problem is the potential for selection bias when 

beneficiaries are chosen through voluntary participation. The non-

random distribution of participants makes it challenging to accurately 

assess the program's effectiveness and establish a causal 

relationship between participation and outcomes. Confounding 

variables may heavily influence the results, making it difficult to draw 

definitive conclusions about the program's impact. The second 

problem is the heightened risk of elite capture due to the excessive 

involvement of local leaders. While the engagement of local leaders 

in beneficiary selection may be necessary due to limited information 

from the donor organization, relying on their subjective judgment 

without clear selection criteria undermines the transparency of the 

process. This opens the door for local leaders to preferentially 

recommend their relatives or close associates, which can perpetuate 

nepotism and favoritism. Elite capture undermines the equitable 
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distribution of resources and may exclude individuals who may be 

more deserving or in greater need of assistance. 

 

4.2. Data Source 
 

This study uses farmer survey data collected between May 14 and 

May 28, 2022, as part of an agribusiness program impact evaluation 

conducted by KOICA. A total of 389 and 379 households were chosen 

randomly and surveyed in Mchinji and Kasungu districts respectively, 

and out of the 768 households collected, only a sample of 745 

households was used for analysis after removing outliers and missing 

values. 

 

4.3. Variables and Descriptive Statistics 
 

To identify the average and heterogeneous impacts of rural 

development programs, this study focuses on post-program 

household income as the main outcome for both programs. However, 

since the income asked in the survey is annualized, there is a 

possibility of measurement bias due to respondent misinterpretation 

or recall errors. Therefore, this study also examines the impact of 

the programs on total monthly household expenditure to ensure the 

reliability of the results. Both dependent variables are log-

transformed to improve the distribution of the variables and facilitate 

comparison and interpretation.  

One of the main objectives of this study is to examine the 

involvement of local leaders or elites in Malawi in the decision to 
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participate in the program. However, the survey data was not 

originally designed for this specific purpose. As a result, it is not 

feasible to identify households that consist of chiefs, local leaders, or 

other similar positions.  

To overcome this limitation, we employed the criteria outlined by 

Mapila et al. (2010) that define rural elites in Malawi based on 

household characteristics, income, and assets. In the study, elites are 

defined as individuals who possess greater physical and financial 

assets compared to the average smallholder farmer. The 

characteristics associated with elites include residing in well-

constructed houses made of burnt bricks and iron sheets, having an 

adequate food supply for the year, owning livestock, and substantial 

farmland for agricultural production and food security. Moreover, 

elites are expected to possess basic literacy and numeracy skills.  

Therefore, this study aims to identify elite groups using survey 

questions related to household assets and wealth, as well as the 

characteristics of the head of the household and the house. In addition 

to analyzing asset variables, we also include variables that are likely 

to influence business performance and participation. Firstly, we 

consider the number of subscribed memberships as a proxy variable 

to measure household activity and social connectedness within rural 

society. According to Mansuri and Rao (2013), there is evidence 

suggesting that individuals engaged in civic activities tend to be 

wealthier, more educated, hold higher social status, and have 

stronger political connections compared to non-participants. 

Furthermore, we include a dummy variable indicating the gender of 
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the head of the household, labeled as "Female household head," to 

explore potential gender disparities in business participation 

decisions. 

 

<Table 4> Socio-Economic Characteristics of Elites in Rural 

Malawi. 

 

Type of asset Minimum standards of assets for Elite Status 

Housing Burnt bricks, corrugated iron sheets, cemented floor  

Food Has sufficient food (maize) to last the whole year. 

Livestock 
May own livestock such as cattle or small ruminants such as goats 

in large numbers. Will also own a lot of poultry (chickens, and ducks) 

Land 
Has a large amount of agricultural land for producing both cash and 

food crops 

Education 
Reasonably literate:- can read, write and count.  

Has children in secondary school or relatives who finished 
secondary school 

Leadership 
position 

Holds leadership position in the community. This can 
be a traditional role or community role (development 
worker; primary school teacher, village technician, political party 
member, etc.) 

Source: Athour’s Simplification based on Mapila et al. (2010) 

 

As discussed earlier, involving the community in the beneficiary 

selection process can introduce biases in the information shared with 

the implementing organization. One important variable examined in 

this study is the influence of households' familiarity with village 

leaders on their likelihood of participating in the program. In Malawi, 

traditional leaders such as local chiefs hold significant positions of 

authority and exert a strong influence over village residents. They 
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are responsible for managing communal resources and resolving 

disputes within the community. 

Therefore, it is reasonable to assume that personal relationships 

with village leaders could impact the communication of program-

related information and the eligibility of beneficiaries at the program's 

outset. Consequently, this study employs the degree of personal 

familiarity between the respondent's household and the local leader 

as the main independent variable, measured on a scale ranging from 

0 to 10. 

Next, we present the descriptive statistics of the selected variables 

and the results of the t-test between the treatment and control 

groups as shown in <Table 5>. First, for the full sample, four 

independent variables were found to be different between the 

treatment and control groups: Relationship with village leaders, 

number of subscribed memberships, Literacy of Household head, and 

Household member. This was found to be the same in Kasungu 

district, but in Mchinji district, the difference between the treatment 

and control groups in the variables Area of accessible land and 

Farming Equipment Access was found to be more significant than the 

Literacy of Household head and Household member. On the other 

hand, in terms of regional differences, the differences between the 

two regions in terms of average total monthly expenditure and 

current do not seem to be significant, with only slight differences in 

household income and area of accessible land.  
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<Table 5>  Descriptive Statistic 

 

 Full sample Kasungu Mchinji 

Variables  
Mean 

(Sd) 

Mean 

(Sd) 

Mean 

(Sd) 
 Treated Control Treated Control Treated Control 

Relationship with 

village leaders 

8.261*** 7.544 8.159*** 7.243 8.380*** 7.794 

(2.222) (2.408) (2.194) (2.565) (2.255) (2.245) 

The number of 

subscribed 

memberships 

2.167*** 1.236 2.900*** 1.651 1.304*** 0.892 

(2.050) (1.408) (2.225) (1.574) (1.402) (1.148) 

Literacy of Household 

head =1 

0.806*** 0.724 0.856*** 0.746 0.749 0.706 

(0.396) (0.448) (0.352) (0.437) (0.435) (0.457) 

Household member 
5.352*** 5.000 5.507*** 4.899 5.170 5.083 

(1.953) (1.981) (2.166) (2.098) (1.656) (1.880) 

Female household 

head (female =1) 

0.223 0.206 0.254 0.225 0.187 0.191 

(0.417) (0.405) (0.436) (0.419) (0.391) (0.394) 

Age of household head 
45.844 44.777 46.249 43.905 45.368 45.500 

(13.256) (15.163) (12.941) (15.420) (13.639) (14.945) 

Agriculture land size 

(ac) 

3.307 2.482 4.298 3.523 2.142*** 1.620 

(5.840) (4.616) (7.614) (6.574) (1.922) (1.278) 

Roof : 

iron or plastic = 1 

0.401 0.381 0.373 0.349 0.433 0.407 

(0.491) (0.486) (0.485) (0.478) (0.497) (0.492) 

Farming Equipment 

Access = 1 

0.597 0.735 0.612 0.657 0.579*** 0.799 

(0.491) (0.442) (0.489) (0.476) (0.495) (0.402) 

Motor Bike  

Access = 1 

0.102 0.070 0.100 0.071 0.105 0.069 

(0.303) (0.255) (0.300) (0.258) (0.308) (0.253) 

Baseline Household 

Income(MWK) 

687518 171807 1054426 215782 256239* 135377 

(7806892) (264048) (10600000) (330549) (953733) (185464) 

Baseline Household 

Decile Income 

5.556 5.268 5.851 5.497 5.211 5.078 

(2.980) (2.835) (2.930) (3.016) (3.008) (2.668) 

Post-program 

Household 

Income(MWK) 

529629 303224 588772 367588 460111** 249904 

(1691031) (488237) (1864266) (620106) (1463836) (335094) 

Total monthly 

expenditure(MWK) 

86819 82222 89556 83672 83601 81021 

(77908) (72909) (86048) (67761) (67203) (77058) 

Obs 745 745 370 370 375 375 

95% confidence intervals in brackets *p < 0.1,  **p < 0.05,  *** p < 0.01  

The null hypothesis(H0) is that the difference in means between Treated and Control is 

zero. 
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Chapter 5. Results 
 

5.1. Probit Analysis Results 
 

The probit estimation results are shown in <Table 6>. In the 

estimation results, Model 1 is consisted with three main variables: 

'Relationship with village leaders', 'The number of subscribed 

memberships', and ' Literacy of household heads '.  Model 2 adds 

household characteristics variables to Model 1. Model 3 has 

household assets and three main variables. While Model 4 includes 

all. 

 Overall, the coefficients of the models were relatively consistent. 

The analysis shows that 'The number of subscribed memberships', 

'literacy of household head', and ‘Female household head’ had a 

significant positive impact on program participation in all four models.  

However, the variable 'Relationship with village leader' is significant 

at the 5% significance level only in the first two models. In Model 3 

and 4, they were significant at the 10% significance level. 

This can also be seen in <Table 7> which shows the marginal 

effects of the variables estimated by the delta method4. In order of 

magnitude, we can see that if the household head can read or write 

the likelihood of participation increases by 10%. 

 

 
4 This paper used the delta method introduce by McFadden(1974) to 

estimate the marginal effect of the covariates.  
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<Table 6> Probit Result 

 

 Model 1 Model 2 Model 3 Model 4 

Relationship with village 

leaders 

0.065** 0.071** 0.046* 0.050* 

(0.030) (0.030) (0.026) (0.026) 

The number of 

subscribed memberships 

0.182*** 0.176*** 0.178*** 0.169*** 

(0.032) (0.034) (0.030) (0.032) 

Literacy of Household 

head =1 

0.204 0.249* 0.232** 0.287*** 

(0.109) (0.105) (0.107) (0.102) 

Household member 
 0.027  0.039 

 (0.032)  (0.032) 

Female household head 

(female =1) 

 0.226**  0.242** 

 (0.112)  (0.111) 

Age of household head 
 0.002  0.003 

 (0.004)  (0.004) 

Agriculture land size (ac) 
  0.010 0.008 

  (0.010) (0.009) 

Roof: iron or plastic = 1 
  -0.025 -0.040 

  (0.099) (0.107) 

Farming Equipment 

Access = 1 

  -0.313* -0.350* 

  (0.184) (0.187) 

Motor Bike 

Access = 1 

  0.179 0.195 

  (0.146) (0.144) 

Baseline Household 

Decile Income 

  -0.017 -0.016 

  (0.017) (0.018) 

_cons 
-0.971*** -1.339*** -0.567** -0.995*** 

(0.205) (0.262) (0.289) (0.311) 

N 745 745 745 745 

Pseudo R2 0.0640 0.0689 0.0741 0.0807 

chi2 74.514 119.866 88.933 159.511 

Standard errors in parentheses 
*p < 0.1,  **p < 0.05,  *** p < 0.01 
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<Table 7> Marginal Effect on the Probability of Program 

Participation 

Unit: % 

 Model 1 Model 2 Model 3 Model 4 

Relationship with village leaders 2.4 2.6  1.6 1.8 

The number of subscribed 

memberships 
6.8 6.5  6.5 6.2 

Literacy of Household head =1 7.6 9.2  8.4 10.5 

The number of a household member  1   1.4 

Female household head (female =1)  8.3  8.8 

Age of household head  0.1  0.1 

Agriculture land size(ac)   0.3 0.3 

Roof: iron or plastic = 1   -0.9 -1.4 

Farming Equipment Access = 1    -11.4 -12.8 

Motor Bike Access = 1   6.5 7.1 

Baseline Household Decile Income    -0.6 -0.6 

 

 

There is also a 6% increase in the probability of program 

participation for every increase in the number of memberships 

involved. Being able to read and write equates to a higher ability to 

get information about a business earlier and more accurately. It is 

also consistent with someone who understands the rules of the game, 

which was one of the beneficiary disqualifiers required by Programs.  

Therefore, they can be seen as people who can understand the 

rules and conditions of the program as presented by the NGOs. The 

number of memberships they have is also a variable that confirms 

how socially active they are in rural society. This is consistent with 

existing research that shows that more educated and socially 

connected households are more likely to participate in development 

programs (Mansuri and Rao, 2013). We also found that having a 
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female head of household increases the likelihood of engaging in 

business by about 10.5%. On the other hand, households that report 

having access to farming equipment decrease the likelihood of 

participation by about 12%.  

 A unit increase in the relationship with the village leader has a 

significant impact on the probability of participation, which means that 

the first hypothesis, that personal relationships with local leaders 

influence participation in the program, may be true. This is likely due 

to the vagueness of the selection criteria required by the two NGOs 

during the program beneficiary selection process. The possibility 

exists that village leaders may have recommended villagers with 

whom they had a relationship, as they do not know which villagers 

are truly engaged or passionate about the program. However, it is not 

clear that local elites were acting in their self-interest, as the 

Relationship with the local leader was not significantly correlated 

with other wealth variables and its impact on program participation 

was not significant compared to other variables. 

 

5.2. Average Program Impact 
 

 This section presents estimates of the average impact of rural 

development programs on log household expenditures and log 

household income. First, to check for overlapping, which is one of the 

assumptions that PSM must satisfy, we compared the distribution of 

propensity scores between the treatment and control groups. The 

distribution of the Propensity score and common support estimated 
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with the probit model is on <Figure 4>. In the figure, we can see that 

the propensity score was predicted in the range of 0 to 1 and 

approximates a normal distribution. We can also see that there is 

sufficient common support between the treatment and control groups. 

 

<Figure 4> Distribution of Propensity Score and Common Support 

 

 

 

<Table 8> ATE and ATT of the Programs 

 

 Log Monthly Household Expenditure  Log Annual Household Income 

 ATE ATT ATE ATT 

OLS  
- 0.057 - 0.093 

- [-0.096, 0.211] - [-0.03, 0.217] 

IPW 
0.079 0.066 0.129** 0.090 

[-0.074,0.232] [-0.119,0.251] [0.003,0.256] [-0.058,0.237] 

PSM 

1:1 

0.112* 0.074 0.215** 0.148 

[-0.015,0.239] [-0.086,0.233] [0.019,0.411] [-0.057,0.354] 

PSM 

1:2 

0.104 0.065 0.183* 0.118 

[-0.057,0.265] [-0.184,0.315] [0.000,0.367] [-0.081,0.318] 

PSM 

1:3 

0.114 0.104 0.179** 0.143 

[-0.041,0.268] [-0.131,0.340] [0.002,0.355] [-0.052,0.338] 

N 745 745 745 745 

95% confidence intervals in brackets 
*p < 0.1,  **p < 0.05,  *** p < 0.01 

 



 

 ３７ 

The treatment effect of the program is shown in Table 8, expressed 

as ATE and ATT. For Log Monthly Household Expenditure, the ATEs 

show an increase in spending of around 7% to 11%, while the ATTs 

show a decrease of around 5% to 10%. However, only one result is 

statistically significant.  For Log Annual Household Income, most of 

the ATEs were statistically significant, but the ATTs were not. We 

can also see that the ATTs are smaller than the ATEs, as was the 

case for household spending. The confidence intervals5 are [-0.03, 

0.217], [-0.058,0.237], [-0.057,0.354], [-0.081,0.318], and [-

0.052,0.338] at 95% probability. These are roughly the intervals in 

which the ATTs of farmers who participated in the rural development 

program lie, and since the intervals greater than zero are wider, we 

can infer that the effect of the program would have been roughly 

positive on household income, even though it is not statistically 

significant. 

Based on ATTs, it appears that the programs implemented in 

Malawi have increased household income by about 9% to 14%.  

However, we cannot ignore the possibility that ATE was 

overestimated. This means that PSM might have not solved the 

confounding problem despite satisfying the balance test after 

matching. Furthermore, ATE is estimated to be smaller than ATT. 

 
5  Confidence intervals and standard errors for PSM estimates are often 

estimated using bootstrapping, but this does not account for the fact that 

propensity scores are predicted prior to matching, which leads to errors in 

the confidence intervals. Therefore, we estimate confidence intervals using 

the method proposed by Abadie and Imbens (2016). See the paper for a 

detailed description. 
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While the overall ATE may be larger, the ATT focuses specifically 

on the subset of treated individuals whose outcomes are compared to 

the control group. The difference between ATE and ATT suggests 

that a treatment may have a greater impact on certain subsets of the 

treated population compared to others. In this case, additional 

analysis or subgroup-specific estimation may be needed to 

understand the heterogeneous treatment effects. 

 

5.3. Heterogeneous Treatment Effect Estimates 

using GRF 
 

In this chapter, we analyze the factors that distinguish those who 

have benefited from rural development programs in Malawi from 

those who have not. We focus on household income, which was found 

to be affected by the program. If we can identify observable 

characteristics that predict which households are likely to benefit 

from the intervention, we can use these results to better target the 

intervention or share the impact more broadly by identifying other 

restrictive constraints that the modified intervention can 

mitigate(Carter et al., 2019). 

We apply GRF methods to our data to see how some covariates 

shape the impact of the rural development program. Specifically, we 

use the 11 covariates in probit Model 4. The random forest 

underlying the GRF algorithm calculates the importance of the 

covariates to the outcome by counting the frequency of the variables 

forming the forest. Basu et al. (2018) use this to select variables with 



 

 ３９ 

high importance to increase the predictive power of the random 

forest.  In this study, we also apply this method to select the final 5 

variables that contribute to the heterogeneous effects.  

 

<Table 9> Variable Importance6 

Variables 
Subscribed 

memberships 

Household 

member 

Household 

Head’s age 

Agricultural 

land size 

Baseline 

income  

Variable 

importance 
11% 19% 22% 23.4% 23.2% 

Source: Author 

The five variables finally selected are "The number of Subscribed 

memberships", "Household member", "Household heads age", 

"Agricultural land size" and "Baseline income". "Agricultural land size" 

and "Baseline income" were found to be the most important variables 

for forest formation, but according to Athey et al. (2019), highly 

important variables do not necessarily mean it is the cause of 

heterogeneous treatment effects. 

By using the GRF algorithm, we found that the ATE was 0.08 and 

the ATT was 0.09, representing an income increase of approximately 

9%. Although it was relatively lower than PSM results, It was similar 

to ATT calculated by OLS. We estimated the ITE using the sample-

specific weights and conducted Augmented Inverse-Propensity 

Weighted (AIPW) 7 . <Figure 5> shows the distribution of the 

 
6  According to Gregorutti et al. (2017) multicollinearity due to high 

correlation between variables does not significantly affect the predictive 

power of the model but is shown to affect the importance of variables. 

However, in <Table 9>, all variables have correlation coefficients below 0.5, 

so the correlation coefficients are not that high. 
7 It is a variation of IPW. By using doubly robust scores, it is recommended 

method to estimate CATE when using observational data and GRF algorithm 
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estimated program impact as a histogram by quartile. The average 

impact of each quartile was estimated to be about -12%, 0%, 21%, 

and 25%, and a Wald test and t-test were performed to see if the 

CATE estimated by the algorithm was statistically different. 

However, the results of the Wald test showed that the difference 

between the four quartiles was not statistically significant at a 

significance level of 5%. On the other hand, the histogram and t-test 

showed that there are significant differences in program impact 

between low-performers in the 0 to percentile 25% group and high-

performers in the 75% to 100% percentile group. Thus, we have 

confirmed that the effect heterogeneity is not due to chance, but to 

specific causes. 

This chapter analyzes the impact of five covariates on the 

effectiveness of rural development programs through graphs. Each 

row in <Figure 7> takes a closer look at one of these covariates, and 

the graph shows the predicted treatment effect for the baseline 

covariate levels shown on the horizontal axis. Each column in the 

figure shows a different covariate at a different percentile: Column 1 

contains covariates at the 25th percentile, Column 2 contains all 

values at the median of the sample, and Column 3 contains covariates 

at the 75th percentile.  
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<Figure 5> Test Result of Heterogeneous Impact 

 

 

Quartile CATE SE 
The T-test Between All Two Pairs of  

Quartile Groups  

Difference 

(p-value) 
25% 50% 90% 

25% - - - 

50% 
0.12 

(0.54) 
- - 

75% 
0.34 

(0.14) 

0.21 

(0.37) 
- 

100% 
0.38 

(0.03) 

0.25 

(0.17) 
- 

25% -0.12 0.14 

50% 0.00 0.15 

75% 0.21 0.18 

100% 0.25 0.11 

P-value: 0.16 Chi2: 5.10 

Average treatment effects per quartile group defined by out-of-bag CATE. 

The P-value is testing H0: ATE is constant across quartile groups. 

 

The first row of the graph shows "Subscribed memberships", 

"Household heads age", "Agricultural land size" and "Baseline income". 

The distribution of "Agricultural land size" and "Baseline income" is 

such that households in the bottom, median, and top 25% have a 

positive impact on the growth rate of household income as the number 

of household members increases. On the other hand, in the second 

row, we can see that "The number of Subscribed memberships", 

which had a positive effect on the probability of participating in the 

program, does not affect the level of effectiveness of the program. 
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 <Figure 7> GRF Conditional Treatment Effect  

 
Source: Author creation based on the graph from Carter et al. (2019) 
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<Table 10> Quartile of Covariates 

 

Variables/ Quartile 25% 50% 75% 

Household member 4 5 6 

Subscribed 

memberships 
0 1 2 

Household Head’s age 35 44 54 

Agricultural land size 1 2 3 

Baseline income 40,000 80,000 200,000 

 

Finally, for Baseline income, we can see that the slope changes 

around a certain point. When the level of other covariates is in the 

bottom 25%, the impact of the business is proportional to the income 

level. Above the median, however, the impact of the program 

increases with income and then decreases below zero at the median 

income of 80,000 MWK. This suggests that inputs, food aid, and 

agricultural productivity training have some income-enhancing 

effects for households in rural Malawi but may not be effective for 

farmers who already have a lot of assets such as farmland, or are 

above a certain income level. 

 

Chapter 6. Conclusion 
 

Malawi has diverse elite hierarchies and complex power dynamics. 

In Chapter 2, cases of traditional leaders who intervene in 

development programs were shown. And literature showed how 

community heterogeneity may distort development preferences and 
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cause elite capture. This study investigates the impact heterogeneity 

in terms of the appropriateness and effectiveness of the beneficiary 

selection process. We applied PSM and GRF algorithms to identify 

the average and heterogeneous impacts of the programs on 

household income. It also analyzes the determinants of participation 

in the programs to determine if there is a risk of elite capture.  

By using a probit model, we found that there was a significant 

impact from the involvement of local elites in the selection of program 

beneficiaries and that the relationship with local leaders had a 

positive impact on the probability of participation due to the 

ambiguous targeting criteria set by external donor organizations. 

However, variables such as household income, roof material, and 

asset ownership, which were thought to be proxies for social-

economic elites, were not statistically significant. However, we found 

that the number of memberships and household literacy was 

positively associated with the probability of participation in the 

program, confirming previous research that when beneficiaries are 

determined through voluntary participation, those who are more 

socially connected and more educated are more likely to participate 

in the program. This raises the possibility that there may be 

vulnerable groups that are excluded from the program, and future 

program implementers should consider policies to protect them. 

 Next, we estimate the average impact of the programs using 

methods such as PSM and OLS The estimates suggest that the rural 

development programs had an impact on household income of about 

9% to 14%. Because the confidence intervals were also mostly in the 
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positive range, the program might have some positive impact on 

average household income. However, given that most of the ATT  

estimators were not statistically significant, we cannot be sure that 

the effects estimated in this paper are unbiased estimates. 

 Finally, we checked the heterogeneity of program effects using the 

GRF algorithm, a machine-learning method. The heterogeneity of 

program impact was not statistically significant when comparing 

quartile groups together. But when testing the mean difference 

between all two pairs of quartile groups, the difference between the 

lowest and highest performing groups is statistically significant at the 

5% level of significance. 

 Thus, we estimated the marginal effects of each variable according 

to the quartile level of covariates and summarized them in a graph. 

The analysis revealed a consistent pattern for each variable. Firstly, 

it was observed that the impact of the program was positively 

correlated with the number of household members. However, the 

influence of entrepreneurship declined as the age of the household 

head and the size of the farmland increased, reaching zero or even 

negative values. This finding provides additional evidence that 

participants may have faced a trade-off in labor allocation due to 

their participation in the program. Unfortunately, it cannot be 

confirmed in this study because it was not designed for such an 

experiment of research. 

 Finally, for the baseline income, we found that the impact of the 

program increased as the income increased for households with an 

annual income of less than 80,000 MWK but decreased for 
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households with an annual income of more than 80,000 MWK. In 

addition, farmers with more than 3ac farmland had a very low 

effectiveness of the program. In developing countries, there is often 

a negative relationship between the size and productivity of small 

farms because there is no labor market or agricultural infrastructure. 

(Rapsomanikis, 2015). In other words, the larger the size of the farm, 

the more farmland to be managed, so the productivity decreases, and 

the analysis results of this study can be inferred to be for similar 

reasons. 

 The relationship between household income and program 

effectiveness allows for another interpretation of the results of this 

study's analysis of the determinants of program participation: 

although local leaders had too much discretion in the selection of 

program beneficiaries in the rural development programs studied, the 

results of the probit model suggest that elites were less influential 

than expected. This could be due to their morality, but we speculate 

that they may have been unwilling to take advantage of the program 

in the first place, expecting that participation would not have a 

significant impact on their wealth levels. 

 This paper differs from previous studies in that it proposes a 

targeting strategy to increase the effectiveness of interventions, 

which have been mainly studied in the fields of management and 

marketing. However, this study is limited by the fact that randomized 

control was not applied in the program design process, so it was not 

possible to estimate the exact treatment effect, and the number of 

samples was too small because the rural development programs 
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analyzed were not large. Furthermore, while we found that personal 

relationships with elites had a positive impact on business 

participation through the probit model, our experimental design was 

limited in that we were unable to determine the exact impact of elite 

intervention versus non-elite intervention on business performance. 

This is something we hope to address in future research.



 

 ４８ 

 References 

 

Abadie, A.,  G. W. Imbens, 2016, “Matching on the estimated propensity score.”, 

Econometrica, 84(2): 781-807. 

Alatas, V., A. Banerjee, R. Hanna, B. A. Olken, R. Purnamasari, M. Wai-Poi, 2019,  

“Does elite capture matter? Local elites and targeted welfare programs in 

Indonesia.” In AEA Papers and Proceedings, 109: 334-339. 

Andersen, J. J., N. Johannesen, B. Rijkers, 2022, “Elite capture of foreign aid: 

Evidence from offshore bank accounts.”, Journal of Political Economy, 130(2): 

388-425. 

Assmann, S.F., S. J. Pocock, L. E. Enos, L. E. Kasten, 2000, “Subgroup Analysis and 

Other (mis) Uses of Baseline Data in Clinical Trials,” The Lancet, 355: 1064–

1069. 

Athey, S., J. Tibshirani, S. Wager, 2019, “Generalized random forests”, Ann. Statist. 

47(2): 1148-1178. 

Athey. S, G. Imbens, 2016, “Recursive partitioning for heterogeneous causal effects”, 

Proceedings of the National Academy of Sciences, 113(27): 7353-7360. 

Bardhan, P., D. Mookherjee, Capture and Governance at Local and National 

LevelsAmerican Economic Review2000901359 

Basu, S., K. Kumbier, J. B. Brown, B. Yu, 2018, “Iterative random forests to discover 

predictive and stable high-order interactions.”, Proceedings of the National 

Academy of Sciences page 201711236. 

Basurto, M. P., P. Dupas, J. Robinson, 2020, "Decentralization and efficiency of 

subsidy targeting: Evidence from chiefs in rural Malawi.", Journal of public 

economics 185: 104047. 

Beaman, L., D. Karlan, B. Thuysbaert, C. Udry, 2021, “Selection into credit markets: 

Evidence from agriculture in Mali” National Bureau of Economic Research: 

Working Paper 20387. 

Binswanger-Mkhize, H. P., J. P. de Regt, S. Spector, 2010, “Local and community 

driven development: Moving to scale in theory and practice”, World Bank 

Publications. 

Breiman, L, 2001a, “Random Forest”, Machine Learning, 45:5-32. 

Breiman, L. 2001b, “Using iterated bagging to debias regressions.”, Machine Learning, 

45: 261-277. 

Cook, D. I., V. J. Gebski, A. C. Keech, 2004, “Subgroup Analysis in Clinical Trials,” 

Medical Journal of Australia, 180: 289–292. 

Chibwana, C., M. Fisher, 2011, “The impacts of agricultural input subsidies in Malawi.” 

Policy Note, 5. 



 

 ４９ 

Chibwana, C., M. Fisher, C. Jumbe, W. A. Masters, G.  Shively, 2010, “ Measuring 

the Impacts of Malawi's farm input subsidy program.” Available at SSRN 

1860867. 

Deines, J. M., S. Wang, D. B. Lobell, 2019, “Satellites reveal a small positive yield 

effect from conservation tillage across the US Corn Belt.” Environmental 

Research Letters, 14(12): 124038. 

Dongier. P., J. V. Domelen, E. Ostrom, A. Ryan, W. Wakeman, A. Bebbington, ... & M. 

Polski, 2003, “Community driven development”, World Bank Poverty 

Reduction Strategy Paper, 1: 303-327. 

Eggen, Ø., 2011, “Chiefs and everyday governance: Parallel state organizations in 

Malawi.” Journal of Southern African Studies, 37(02): 313-331. 

Ellis, F., M. Kutengule, A. Nyasulu, 2003, “Livelihoods and Rural Poverty Reduction 

in Malawi”, World Development, 31(9):1495-1510. 

Escobar, A., 2011, “Encountering Development: The Making and Unmaking of the 

Third World”, Princeton University press, 1. 

FAO, F., 2015, “Country fact sheet on food and agriculture policy trends.” 

Glewwe, P., P. Todd, 2022, “Impact Evaluation in International Development: Theory, 

Methods, and Practice.”, World Bank Publications. 

Han, H., Q. Gao, 2019, “Community-based welfare targeting and political elite capture: 

Evidence from rural China.” World Development, 115: 145-159. 

Handa, S., B. Davis, M. Stampini, P. C. Winters, 2010, “Heterogeneous treatment 

effects in conditional cash transfer programmes: assessing the impact of 

Progresa on agricultural households.”, Journal of Development Effectiveness, 

2(3): 320-335. 

He, G., S. Wang, 2017, “Do college graduates serving as village officials help rural 

China?”, American Economic Journal: Applied Economics, 9(4), 186-215. 

Key, N., E. Sadoulet., A. D. Janvry, 2000, “Transactions costs and agricultural 

household supply response.”, American journal of agricultural economics, 

82(2): 245-259. 

Kilic, T., E. Whitney, P. Winters, 2015, “Decentralised beneficiary targeting in large-

scale development programmes: insights from the Malawi farm input subsidy 

programme.”, Journal of African Economies, 24(1): 26-56. 

King, G., R. Nielsen, 2019,  “Why propensity scores should not be used for 

matching.” Political analysis, 27(4): 435-454. 

Kita S. M., 2019, “Barriers or enablers? Chiefs, elite capture, disasters, and 

resettlement in rural Malawi.” Disasters, 43(1): 135-156. 

Lunduka, R., J. Ricker‐Gilbert, M. Fisher, 2013, “What are the farm‐level impacts of 

Malawi's farm input subsidy program? A critical review.”, Agricultural 

Economics, 44(6): 563-579. 



 

 ５０ 

Lee, S. M., 2018, “Evaluation Methodology with R and STATA: Quasi-Experimental 

Designs and Qualitative Approaches”, bobmunsa. 

Maiden, E., D. B. Guzman, J. Bleck, 2021, “Who leads? Village development 

committees and local governance in Southern Malawi.”, Governance, 34(3): 

855-873. 

Mansuri, G., V. Rao, 2004, “Community-based and-driven development: A critical 

review”, The World Bank Research Observer, 19(1): 1-39. 

Mansuri, G., V. Rao, 2012, “Localizing Development.”, World Bank Policy Research 

Report.  

Mansuri, G., V. Rao, 2013, “Can participation be induced? Some evidence from 

developing countries.”, Critical Review of International Social and Political 

Philosophy, 16(2): 284-304. 

Mapila, M. A. T. J., B. Makwenda D. Chitete, 2010, “Elitism in the farmer organization 

movement in postcolonial Malawi.”, Agricultural Extension and Rural 

Development, 2(8):144-153. 

McFadden, D. L, 1974, “Conditional logit analysis of qualitative choice behavior. In 

Frontiers in Econometrics”, New York: Academic Press, 105–142. 

Minot, N., T. Benson, 2009, “Fertilizer Subsidies in Africa: Are vouchers the answer?” 

IFPRI Issue Brief 60. Washington, DC: International Food Policy Research 

Institute. 

Musgrave, M. K., Wong, S. (2016). Towards a more nuanced theory of elite capture in 

development projects. The importance of context and theories of power. Journal 

of Sustainable Development. 

Platteau, J. P.,  A. Abraham, 2002, “Participatory development in the presence of 

endogenous community imperfections”. Journal of Development Studies, 39 

(2):104–136. 

Platteau, J. P., 2004, “Community-based development in the context of within group 

heterogeneity.”, In Proceedings of the Annual World Bank Conference on 

Development Economics, 241-270. 

Platteau, J. P., F. Gaspart, 2003, “The risk of resource misappropriation in community-

based development projects.” World Development, 31 (10):1687–1703. 

Platteau, J. P., V. Somville, Z. Wahhaj, 2014, “Elite capture through information 

distortion: A theoretical essay”, Journal of Development Economics, 106: 250-

263. 

Pufahl. A ., C. R. Weiss,  2009, “Evaluating the effects of farm programmes: results 

from propensity score matching”, European Review of Agricultural Economics, 

36( 1): 79–101. 



 

 ５１ 

Rapsomanikis, G., 2015, “The economic lives of smallholder farmers: An analysis 

based on household data from nine countries.”, Food and Agriculture 

Organization of the United Nations, Rome: 1-48. 

Rößler, J., D. Schoder, 2022, “Bridging the Gap: A Systematic Benchmarking of Uplift 

Modeling and Heterogeneous Treatment Effects Methods.”, Journal of 

Interactive Marketing, 57(4): 629-650. 

Ruben, R., J. Pender, 2004, “Rural diversity and heterogeneity in less-favoured areas: 

the quest for policy targeting.”, Food policy, 29(4): 303-320. 

Rubin, D. B., 2005, “Causal Inference Using Potential Outcomes”, Journal of the 

American Statistical Association, 100(469): 322-331. 

Scott, J. C., 2020, “Seeing like a state: How Certain Schemes to Improve the Human 

Condition Have Failed, New Haven, conn: Yale University Press.   

Seabright, P., 1996,  “Accountability and decentralization in government: An 

incomplete contracts model.” European economic review, 40(1): 61-89. 

Stifel, D. C., H. Alderman, H., 2005, “Targeting at the margin: the ‘Glass of 

Milk’subsidy programme in Peru.”, Journal of Development Studies, 41(5): 

839-864. 

Wager, S., S. Athey, 2018, “Estimation and inference of heterogeneous treatment 

effects using random forests.” Journal of the American Statistical Association, 

113(523): 1228-1242. 

Wager, S., S. Athey, 2019, "Estimating treatment effects with causal forests: An 

application." Observational Studies 5(2): 37-51. 

Nyasa Times, 2019, Mwanamvekha unveils K1.7 trillion 2019/20 Malawi budget: Key 

points at-a-glance, https://www.nyasatimes.com/mwanamveka-unveils-k1-7-

trillion-2019-20-malawi-budget-key-points-at-a-glance/ 

 

 

 

Abbreviation Index 

ATE: Average treatment effect  

ATT: Average treatment effect on treated  

AIPW: Augmented inverse propensity weighted 

CATE: Conditional average treatment effect (the equivalent of HTE)  

CBD: Community based development 

CDD: Community driven development  
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GVH: Group village head 

HTE: Heterogenous treatment effect 

IPW: Inverse propensity Weighting  

ITE: Individual treatment effect 

KOICA: Korea International Cooperation Agency 

MWK: Malawian Kwacha (local currency)  

NGO: Non-government organization 

PSM: Propensity score matching 

RCT: Randomized Controlled Trial 

TA: Traditional authorities 

VH: Village head 

VDC: Village development committees 
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국문 초록 

 

이 논문은 2022 년도 한국국제협력단(KOICA)의 " 농림비즈니스 파트너십사업 

평가" 의 일부로 수행된 연구임 (No. No. P2021-00134-1) 

 

Keywor : 농촌개발, 이기종 효과(HTE), 평균처치효과(ATE), GRF, 

성향점수매칭(PSM) 

Student Number : 2021-20395 
 

본 연구는 크게 두 가지 목적을 가지고 있다. 첫째, 지역사회 기반 

타겟팅이 일부 가구를 프로그램 참여에서 소외시켰는지를 조사하는 것. 

둘째, 기계학습 기법을 이용하여 농촌개발 프로그램이 말라위의 

가구소득에 미치는 영향이 가구 특성별로 어떻게 달라지는지 파악하는 

것이다. 

본 연구는 말라위의 745 개 농촌 가구로부터 2022 년에 수집한 

횡단면 조사 데이터를 활용하며, 데이터 상에 농가들의 사회경제적 

지위에 대한 정보를 포함하고 있다. 이 데이터는 KOICA 의 자금 

지원을 받은 KOICA 농업 비즈니스 파트너십 프로젝트의 평가의 

일환으로 수집되었다. 

농촌개발사업의 평균영향과 이질적 영향을 추정하기 위하여 

성향점수매칭과 일반화된 랜덤 포레스트 방법을 활용하여 참여 결정에 

영향을 미치는 변수를 분석하였다. 분석 결과, 회원 수와 가구 

문해력이 프로그램 참여 확률과 긍정적으로 연관되어 프로그램 

참여에서 배제된 가구가 존재할 수 있음을 확인하였다. 또한 사업 

수혜자 선정에 지역 엘리트의 개입한 정황이 통계적으로 유의하게 

나타났다. 

마지막으로, GRF 알고리즘을 통해 얻어진 결과는 가장 낮은 성과 

그룹과 가장 높은 성과 그룹 사이에 비 임의적인 가구 특성 차이를 

보이는 것을 확인할 수 있었다. 일정 자산 수준 이상 보유한 농가의 

경우 소득에 거의 영향을 미치지 않거나 소득의 감소까지도 일어나지 

않는다는 결과를 제시하고 있어 농촌개발 프로그램의 효과 이질성은 

농가 투입 보조금 프로그램과 농업 훈련 프로그램보다는 다른 전략이 

필요함을 시사하고 있다. 
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