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SYLLABUS  
Learning objectives of the course:  

 To provide an adequate understanding of critical concepts pertaining to project/Program 

and policy impact evaluation.  

 To acquaint students with how to address practical challenges related to selection bias in 

impact evaluation. 

 To provide hands-on skills in applying different techniques and approaches of impact 

evaluation, including Propensity Score Matching, Difference in Difference, Instrumental 

Variable. 

 To appreciate Cost-Benefit Analysis as alternative methods to impact assessment from 

social, economic, and financial perspectives.  

 To capacitate the students and trainees in identifying and addressing common mistakes 

and challenges faced in monitoring and evaluation frameworks.  

Outline of the course/ Course Description:  

At the end of this course, students/ trainees will learn how to evaluate and assess the impact 

of programs, projects, and policies. Students will be acquainted with how the evaluation or 

impact assessment of program, project, and policy is designed and implemented to inform 

policy makers and development actors. The course's content, as presented below, comprises 

theoretical and practical parts to enable students/ trainees to have hands-on skills on program 

or policy evaluation. The teaching process is also supported by case studies drawn in Rwanda 

and elsewhere to illustrate the needs, the functions, and the process of program and policy 

evaluation and impact assessment. The logic of training is mainly constituted by the 

explanation of different approaches and tools frequently used in impact assessment, including 

experimental and quasi-experimental approaches: Difference-in-Difference (DiD), Cost-

Benefit Analysis (CBA), Propensity Score Matching (PSM), Average Treatment Effect (ATE), 

Multiple regression, and Instrumental Variable Models, among others.  

List of required readings:  

  Khandker, S., B. Koolwal, G., & Samad, H. (2009). Handbook on impact evaluation: 
quantitative methods and practices. The World Bank. 

 Bedoya, G., Bittarello, L., Davis, J., & Mittag, N. (2017). Distributional impact analysis: 
Toolkit and illustrations of impacts beyond the average treatment effect. The World Bank. 

 Baker, J. L. (2000). Evaluating the impact of development projects on poverty: A handbook 
for practitioners. The World Bank. 

 Bizoza, A. R., & Opio-Omoding, J. (2021). Assessing the impacts of land tenure 
regularization: Evidence from Rwanda and Ethiopia. Land Use Policy, 100, 104904. 

 Bizoza, A. R., & De Graaff, J. (2012). Financial cost-benefit analysis of bench terraces in 
Rwanda. Land degradation & development, 23(2), 103-115. 

 

Recommended Pre-requisites for Students or Trainees: For an easy understanding of this 

course, students/ trainees should understand descriptive and inferential statistics. Also, basic 

knowledge in the use of some of the statistical software packages is required. These comprise 
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Statistical Package for Social Sciences (SPSS), Stata, E-views) plus use of spreadsheet 

software (e.g., M.S. Excel). 

Target audience:  This course is designed for post-graduate students in Agricultural 

Economics, Economics, and Agroforestry at the University of Rwanda, practitioners involved 

in planning, policy analysis, and evaluation. Those working with government agencies, civil 

society organizations, and development organizations are also potential trainees. 

Teaching mode: Face to face, Virtual, and ICT supported teaching or combined.  

Targeted class size: ≤ 20 students 

Instructors: at least two instructors (Principal Lecturer and his or her Assistant).  

Instructional modes: Physical and Visual approaches  

 

Organizational Structure of the Course 

Two major channels make the organizational structure of this course. The first channel is for 
the teaching of Masters students at the University of Rwanda, while the second regards the 
professional training for officials with pre-requisite knowledge in statistics and the basics of 
econometrics.   

A. For the teaching of masters students at U.R.  

After the client's approval, it will go through the approval process at the University of Rwanda, 

starting from the Department of  Rural Development and Agricultural Economics (RDAE), then 

at the School of Agriculture and Food Sciences, and finally, at the College council. After this 

approval process, the course will be programmed for teaching by the post-graduate 

coordination unit following the academic calendar.  

B. For the teaching of professionals and officials   

The organization of the teaching of this course for professionals and officials from 

government and other entities, the course will be coordinated by one of the proposed 

potential collaborators, namely the Highlands Centre of Leadership for Development, a 

research and mentorship center based in Kigali, the capital city or the Economic Policy 

Research Network (EPRN). NIERA and CIPA will be involved in recruiting these 

candidates and designing the teaching calendar or program.  For candidates to qualify for 

this course, they should have minimum pre-requisites or basic knowledge in statistics, 

econometrics, and impact evaluation to follow the advanced level of this course.   

Workload and timeline of the teaching 

 Tentative Course Timeline  

Time/Day Monday  Tuesday  Wednesday Thursday  Friday  

8:30-9:00 Arrivals  Arrivals  Arrivals  Arrivals  Arrivals  

9:00-11:00 Lecture1: 

Fundamentals of 

program and 

Lecture 3: 

Sources and 

management of 

Lecture 5: 

Propensity 

Lecture7: 

Difference in 

Difference 

Lecture 9: 

The 

process of 
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 Tentative Course Timeline  

Policy Impact 

assessment   

data used in 

P&P IA   

Score 

Matching for IA  

(DiD)  and 

CBA  

Policy 

design    

 Break  Break  Break  Break  Break  

11:00-13:00 Lecture 2: 

Fundamentals of 

program and 

Policy Impact 

assessment   

Lecture 4:  

Data processing 

and analysis 

Lecture 6: 

Randomized 

Trials   

Lecture 8:  

Distributional 

impact 

analysis  

Lecture 

10: 

Modeling 

the effects 

of a policy  

13:00-14:00 Break  Break  Break  Break  Break  

14:00-17:30 Reading of 

selected papers 

on fundamentals 

of program and 

policy impact 

assessment  

Reading on 

sampling and 

selection bias 

Practicals on 

PSM and 

Randomized 

Trials   

Practicals on 

DiD and CBA 

Course 

wrap-up 

and 

Mentorship 

Plans  
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PART I: INTRODUCTION OF THE COURSE 

 

This part aims to set the stage for the course to focus on the objectives and fundamentals of 

program and policy evaluation. It further introduces the expected learning outcomes, the 

definition of critical concepts, the links between the monitoring, evaluation, impact 

assessment, data sources and management sources, sample design, and selection bias.  
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Chapter 1. Overview of the course objectives and contents  
 

Course objectives  

The overall objective of this course is to increase the understanding of the program or policy 

impact assessment through the use of applied quantitative and qualitative methods. More 

specifically, the course aims at:  

 Increasing the understanding of the needs and fundamentals  of program or policy 

impact assessment  

 Promoting the use of impact assessment tools in program or policy design and 

implementation 

 Introducing a gentle application of econometrics in impact assessment for the graduate 

students and professionals in policy implementation  

 Enabling trainees to cope with practical aspects related to program and policy impact 

assessment such as issues of endogeneity and selection bias   

Learning outcomes 

After this course, trainees will:  

 Become more acquainted and familiar with fundamentals of program and policy impact 

assessment 

 Build their capacity in the design and implementation of a program and policy impact 

assessment. 

 Improve their ability to use econometrics in program and impact assessment. 

 Build a culture of results-oriented programs and policy in their respective sectors.  

 Gain hands-on knowledge of statistical computing skills such as STATA and their 

application in program or policy impact assessment.  

 Teaching approach  

This course integrates both theoretical and practical fundamentals of program and policy 
evaluation and impact assessment. It will further introduce trainees to the rationale and the 
practicability of program and policy impact assessment. Case studies from Rwanda and 
elsewhere in Africa have been used to identify and address challenges and practical 
constraints. Each course component is taught starting with its theoretical underpinning 
supported by practical examples and case studies. Furthermore, the teaching is designed to 
provide more room for interaction between the trainer and the trainees to ensure the course 
becomes practical.  
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Chapter 2. Fundamentals of Program and Policy Evaluation  
 

2.1. Learning objectives  

 

In this chapter, the aim is to introduce the course by providing the definitions of the key 
concepts, giving critical steps in the design of evaluation and impact assessment of the 
program and policy. It also explains links between the monitoring, evaluation, and impact 
assessment of a program and policy. At the end of this session, trainees or participants will 
better understand the difference between monitoring, evaluation, and impact assessment and 
how they link or complement each other. Secondly, learners will identify some commonly 
made mistakes in monitoring, evaluation, and impact assessment frameworks for future 
applications.  
 

2.2. Definition of key concepts  

 

(1). What is Monitoring?  

Monitoring is the process of measuring, recording, collecting, processing, and communicating 

information to inform the management team on the decision-making regarding 

the progress of a given program or policy targets1. From this definition, it is clear that setting 

goals, measuring indicators, and achievements from programs and policy are at the heart of 

a given monitoring system 2.  

(2) What is Evaluation?  

There are several definitions of the term "Evaluation "based on the sector of interest. We rely 

on the definition provided by OECD (1991): "An evaluation is an assessment, as systematic 

and objective as possible, of an on-going or completed project, program or policy, its design, 

implementation, and results. The aim is to determine the relevance and fulfillment of 

objectives, developmental efficiency, effectiveness, impact, and sustainability. An evaluation 

should provide information that is credible and useful, enabling the incorporation of lessons 

learned into the decision-making process of both recipients and donors." 

Another definition of Evaluation adapted from the World Bank reflects evaluation as a 

systematic and objective assessment of the results achieved by the program or the policy.  

(3) What is Impact Assessment?  

Impact Assessment (I.A.) is also part of the evaluation, which focuses on the changes in the 

program or policy outcome (s)  that are directly attributable to the intervention under the 

program, project, or policy. Alternatively, IA is mainly interested in identifying the effects 

caused by or resulting from designed program or policy interventions. These effects can be 

observed during or after the duration of the program or the policy.  

                                                           
1 Adapted from Luuk Fleskens and Jan de Graaff (2006) 
 
2 Khandker, Shahidur R. Handbook on impact evaluation: quantitative methods and practices / Shahidur R. 

Khandker, Gayatri B. Koolwal, Hussain A. Samad. 
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From the three definitions, one can understand that monitoring focuses on the program's 

progress or the policy. At the same time, evaluation addresses the results, and impact 

assessment focuses on the changes that occur in the program or policy outcomes due to the 

interventions.   

2.3. Purpose of Programme and Policy Evaluation and Impact assessment  

Results or performance-based approaches are increasingly being used by projects, programs, 

or policy to ensure that their progress, results, and impacts are effectively tracked and 

documented. Further, this documentation helps to:  

 Inform on the progress so far made on program or policy targets 

 Adjust  program or policy targets  

 Show the results achieved from program or policy interventions  

 Review the expected performance on program or policy targets  

 Demonstrate changes in the program or policy outcomes caused by their respective 

interventions 

 Provide differential impacts or effects directly caused by the program or the policy  

 Review the program or the policy for future interventions or the next cycle of 

interventions.  

2.4. Links between M&E and I.A. 

 

These three dimensions of program and policy performance are interlinked and 

complementary, but they are different in how they are framed/designed, their respective 

purposes as well the stage at which each one of them is needed along the program or policy's 

lifetime. Monitoring focuses on the activity indicators while evaluation addresses the results 

achieved and impact looks at the effects/impacts. From the perspective of a logical framework, 

monitoring remains a continuous process throughout the planning activity. It ensures that 

activities proposed have a greater likelihood of facilitating the achievement of the project's 

responsibility area, program, or policy. Subsequently, data generated from the monitoring 

process help to evaluate the achievements of the planned interventions in comparison with 

the program or policy objectives. Based on the results achieved, the impact assessment team 

assesses the changes witnessed for each outcome at the micro, meso, and macro levels as 

linked to the overall or general objective of the program, project, and policy.  
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Figure 1: Logical Framework  

Source: Luuk Fleskens and Jan de Graaff (2006) 

2.5. Design of Monitoring, Evaluation, and Impact Assessment  

 
The design of M&E and I.A. is guided by what question(s) need addressing in each of these 
stages. Questions under monitoring are answered based on the activity indicators designed 
simultaneously with the program's design or policy. The evaluation questions focus on the 
output indicators, while the I.A.'s questions address the outcome indicators. The M&E and I.A. 
teams ( embedded or external to the program and policy) are expected to design detailed 
Monitoring, Evaluation, and Impact Assessment frameworks.   
 

Stage Monitoring  Evaluation  Impact Assessment  

K
e

y
 

q
u

e
s
ti

o
n

s
 

to
 

a
n

s
w

e
r 

 What progress are we 

making on identified 

indicators?  

 What are the 

deviations, and how 

can they be fixed?  

 What did we 

achieve?  

  How much did 

we achieve? 

 

What changes do we observe 

on the identified outcomes?  

What are the changes directly 

attributed to the program or the 

policy?  

What are the intended 

impacts?  

What are the unintended 

impacts?   

 

Most programs have fascinating M&E and I.A. frameworks. However, experience has shown 

different challenges linked to the above frameworks. These include: 

 The design of indicators does not fully respond to the essential criteria of a given 

indicator – SMART- Specific, Measurable, Achievable, Realistic, and Time-bound.  

 Difficulties in the differentiation of activity, result, and impact indicators. 

 Inability to effectively use a mixed approach in assessing the progress, performance, 

and impact. 
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 Limited resources to establish comprehensive baseline conditions, especially on 

outcome indicators often needed to assess the program or policy impact.  

 Limited or scarce skills to design and implement M&E and I.A. frameworks for the 

Programs and Policies across different sectors. 

 Inability to answer all questions of sustainability post the program  

 Limited innovation along with the program and policy implementation as compared to 

their initial design. 

2.6. Usefulness  of results from the program and policy evaluation  

 

The extent to which results from the program and policy evaluation are helpful depends on the 

level of appetite in consuming this information, especially among three categories of 

consumers :  

(1) Program or policy implementers (e.g., direct actors)  

(2) Policymakers from other related sectors ( e.g., for reference and complementarity)  

(3) Research and the academic community (e.g., for publications and teaching purposes)   

N.B. The evaluation and I.A. should not be conducted to comply with the budget spending!  
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Chapter 3. Sources and Management of Data used in 

Program and Policy Evaluation 
 

3.1. Learning objectives  

 

The program or policy evaluation and impact assessment require effective and well-

coordinated data collection. This section aims to facilitate further reflection by the participants 

on the needs and quality of data needed for the program or policy evaluation. This section 

explores the data types, the different considerations during sample design, and how to 

address selection bias in constructing the sample or sample experiments.  

3.2. Types of data and sources  

 

Three main types of data are used in the program or policy impact assessment. These include 

cross-sectional data, time-series data, and panel data. On several occasions, cross-sectional 

data and panel data are collected to assess the impact of a program or a policy. Regarding 

the sources of the data used, formal surveys are conducted to generate baseline data for a 

program or policy, data for mid-term review, and endline data for evaluation and impact 

assessment. In most cases, most programs go with a designed experiment to avoid any 

potential selection bias in the sample design. 

 

3.3. Sample design and selection bias  

  

  Sample design  

For each research question, including the impact evaluation of a program or policy, sampling 

design constitutes one of the most critical stages of the research or evaluation process. Such 

a design depicts the strategies for data gathering, and of necessity, a suitable choice has to 

be made and must be clearly defined in the research proposed. It is also important to note that 

there are several sampling techniques, and one needs to choose the most effective sample 

design depending on the nature of the research question. The following chart provides a 

snapshot of the primary sampling procedures used for quantitative data. 

Sample Procedure  Brief description of the sampling 

procedure.  

Limitation  

Simple Random 

Sampling  

In this procedure, all members of a 

given population have an equal chance 

(probability) of being included in the 

sample, and every sample has an 

equal opportunity of being drawn.  

The procedure requires a listing of 

all members in a given population. 

This is sometimes impossible and 

is quite tedious and time-

consuming.  

Systematic 

sampling  

The elements to be included in a 

sample are picked at a constant 

interval. For example, to select a 

sample of 20 students' scores out of 

The sample chosen in this 

procedure is not strictly random 

since not all students are given 
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Sample Procedure  Brief description of the sampling 

procedure.  

Limitation  

250 students' scores, you can choose 

the first observation, say, student ten 

and then decide on an interval to use 

in selecting the remaining 19 students' 

scores.   

equal chances ( probability) of 

being selected.   

Stratified sampling  In this case, the population of interest 

is stratified based on criteria set in 

advance to divide people into mutually 

exclusive sets or strata. A group of 

elements or members are then 

selected either randomly or 

systematically.   

The stratified procedure is 

beneficial, especially for studies 

that need a comparison. However, 

the process requires prior 

information about the population 

under the research so that the 

stratification can be done before 

drawing the sample.    

Cluster sampling  This procedure applies well where the 

population of interest exists in distinct 

clusters. However, it requires 

homogeneity between the groups and 

significant variability within the 

clusters.  

The procedure requires a large 

sample size to achieve the same 

level of reliability of estimates as 

those obtained from the other 

sampling procedures.  

Multistage 

sampling  

The procedure involves sampling 

within already selected sampling units. 

It is instrumental when dealing with 

cluster sample units.   

This procedure helps estimate the 

characteristics rather than 

estimating the entire sample unit, 

primarily selected from the 

population of interest.  

 Source: Adapted from Mwanje and Gotu, 2001 

There are different formulas used to determine the size of the sample. For example, Krejcie 

and Morgan  (1970) propose the formula in Equation 1 to estimate the sample size. Take an 

example of a survey aimed at assessing the impact of COVID-19 among small cross-border 

traders. Based on secondary data, we realize that the estimated population of informal cross-

border traders is  58,617 participants. From this population and using Equation 1, the size of 

the sample is determined.   

 

𝒏 =
𝜒2∗𝑁∗𝑝(1−𝑝)

(𝑀𝐸2∗(𝑁−1))+𝜒2∗𝑝(1−𝑝)
           [Eq: 1] 

                                                                             

Where: 

 n: sample size, 

𝜒2 : Chi-square for the confidence interval (C.I) of 95% at 1 degree of          

freedom (3.841), 

N: Population size (N= 58,617 participants in informal trade) 

P: Population proportion (assumed to be 0.50 as no additional information 

about the population characteristics was provided and since this would provide 

the maximum sample size), 
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ME: Desired Margin of Error (7%).   

Therefore, the actual sample size for this study is estimated at 195 ICB traders (both men and 

women), with a contingency of 5% can be applied to take care of non-respondents. Then, the 

actual sample size is:  

                          𝑛 = 195 + (195 ∗ 0.05) = 205 𝑤𝑜𝑚𝑒𝑛 𝑎𝑛𝑑 𝑚𝑒𝑛 𝐼𝐶𝐵 𝑡𝑟𝑎𝑑𝑒𝑟𝑠  

 

3.4. Selection bias in program and policy impact assessment  

 

In every program or policy impact evaluation, selection bias is raised and needs addressing 

to ensure that the impact of the program or the policy is correctly estimated. Managing the 

selection bias is important because one needs to answer whether selecting the treated group 

was random or subject to specific criteria, leading to a purposive or non-random selection 

process. The difficulty comes in finding the counterfactual group or the comparison group 

similar to the treated group. It is also important to mention that similarity is also expected not 

for all characteristics but for those to be affected by the interventions. Even people living in a 

particular household have differences in their characteristics unless aggregated in terms of 

certain outcome variables such as levels of income, employment, and access to health 

insurance. Therefore, Khandiker et al. (20093) have proposed two broad approaches of finding 

a comparison group:  (a) use of a statistical design to create a comparison group or  (b) modify 

the targeting strategy of the program itself to wipe out differences that would have existed 

between the treated and nontreated groups before comparing outcomes across the two 

groups. 

 

From the perspective of a conceptual framework, this problem of selection bias can be 

represented as follows. Borrowing from the example of Engrist and Pischke (2009) on 

hospitalization status, the comparison of average health condition on hospitalization status is 

linked to the average causal effect by Equation (2). Therefore, a sound impact assessment of 

the program under consideration will strive to find all possible ways of getting rid of or 

minimizing the term C – Selection bias or to find ways to account for it.  

 

𝐸[𝑌𝑖|𝐷𝑖 = 1] − 𝐸[𝑌𝑖|𝐷𝑖 = 0] = 𝐸[𝑌1𝑖|𝐷𝑖 = 1] − 𝐸[𝑌0𝑖|𝐷𝑖 = 1] + 𝐸[𝑌0𝑖|𝐷𝑖 = 1] − 𝐸[𝑌0𝑖|𝐷𝑖 = 0] 

(A)                                          ( B)                                                 (C) 

 

A: Observed difference in average health                  [ Eq: 2] 

B: Average treatment effect on the treated    

C: Selection bias         

                                            

                                                           
3 Khandker, S., B. Koolwal, G., & Samad, H. (2009). Handbook on impact evaluation: quantitative 

methods and practices. The World Bank. 
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PART II:  APPROACHES FOR PROGRAM AND POLICY IMPACT EVALUATION 

  

The approaches and tools used primarily on program impact assessment include the 

Propensity Score Matching (PSM), Randomized Trials through estimation of the Average, 

Instrumental Variable Model, the Distributional Impact Analysis (DIA), the Difference-in-

Difference (DiD), and the Cost-Benefit Analysis. The main areas that feature in the discourse 

of these approaches include the time required to observe the effect, the difficulty to isolate 

individual impact and its spillovers, and the self-selection bias (Heckman, 1979). In this second 

part of the module, these approaches are discussed in terms of their theory and practical 

fundamentals supported with case studies.   
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Chapter 4.  Propensity Score Matching  
 

4.1. Learning objectives  

 

The study of propensity score matching provides students or participants with practical steps 

in applying propensity score matching, how the PSM is estimated, testing of crucial PSM 

assumptions and criteria for matching participants to non-participants.   

4.2. What does PSM do? 

 

The Propensity Score Matching (PSM) is used to solve the problem of evaluation. It helps 

answer how an individual or a group of people in the treatment would have performed had 

they not received the treatment. It is further aimed at supporting researchers and evaluators 

in addressing the lack of a comparison group with the treatment group during evaluation. This 

is to help find the closest comparison group from a sample of nonparticipants to the sample of 

the program participants. The most comparable measure is done in terms of observable 

characteristics not affected by the program participation. Thus, the understanding of PSM  is 

based on a conceptual framework model that brings together three main pillars: individuals, 

treatment, and potential outcomes.  

Following Caliando and Kopeing ( 2008),  the treatment indicator 𝐷𝑖 = 1, if individual 𝑖 receives 

the treatment and 𝐷𝑖 = 0 otherwise, in the case of a binary treatment. Their respective 

outcomes are captured by 𝑌𝑖(1) and 𝑌𝑖 (0). The causal effect of the treatment  (𝜏𝑖) is therefore 

measured by the difference in the two outcomes ( see Equation 3). Thus, in most case, the 

counterfactual outcome (𝑌𝑖  (0)) is rarely observed; it's also known as the unobserved outcome. 

The PSM helps to come with an alternative statistical comparison group by modeling the 

probability of participating in the program based on observed characteristics unaffected by the 

program. Participants are then matched based on this probability, or propensity score, to 

nonparticipants using different methods described in the next sections.  

                 𝜏𝑖 = 𝑌𝑖(1) − 𝑌𝑖(0)                                                                            [Eq: 3] 

 

4.2. Practical steps in the application of PSM  

 

Five steps are involved in the successful application of PSM in program evaluation: estimating 

the propensity score, choosing a matching algorithm, testing for overlap and common support 

condition assumption, matching the participants to nonparticipants, assessing the matching 

quality, estimating the Average Treatment Effect, limitations of the PSM approach. 

(1) How is the Propensity Score (PSM) estimated?  

The first step in applying PSM is to estimate the probability of treatment given by the function 

𝑷(𝑿), which is simply the response probability for treatment; this is called the propensity 

score in the evaluation literature. This stage further involves two main choices that one has 
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to make  (1) what model to be used for the estimation of the propensity score and (2) what 

variables to be included in the model.   

Choice of the model: There is no clear guidance on the choice of the model. But in general, 

any discrete choice model can be used to estimate the propensity score. This further depends 

on the nature of the treatment – binary or multiple treatments. In the case of binary treatment 

, a binary model can be used or a multiple discrete choice model for the case of multiple 

treatments ( e.g., when a participant can participate in more than two alternatives of treatment,  

for example, when an individual is faced with the choice to participate in job-creation schemes, 

vocational training or wage subsidy programs or not to participate at all). In most cases, logit 

and probit models are used to estimate the propensity score or the probability of participation 

versus the nonparticipation. For the binary treatment case, usually, these two models yield the 

same results- the choice between the two is not too critical.  The following model is then 

estimated: 

                                    𝑃(𝒙) ≡ 𝑃(𝑤 = 1|𝑥)                                                          [Eq. 4] 

Choice of variables (X): the selection of covariates (X) to be considered in the estimation of 

the response probability for the treatment is guided by the choice of covariates that credibly 

satisfy the conditional independence assumption (CIA) (Lenchner, 1999). This assumption 

implies that systematic differences in outcomes between the treated and counterfactual 

group with the same values for covariates are attributed to program interventions or the 

treatment.   

Generally, considering that CIA holds and assuming the presence of overlap assumption 

between both groups, the PSM estimator for ATT can be written in general as:  

           𝑇𝐴𝑇𝑇
𝑃𝑆𝑀 = 𝐸𝑝(𝑥)|(𝑤=1){𝐸[𝑌(1)|𝑤 = 1, 𝑃(𝑥)] − 𝐸[𝑌(0)|𝑤 = 0, 𝑃(𝑥)]}               [ Eq. 5] 

To put it in words, the PSM estimator is simply the mean difference in outcomes over the 

common support, appropriately weighted by the propensity score distribution of participants.  

4.3. Overview of key PSM Assumptions  

 

4.3.1 Unconfoundedness or Conditional Independence Assumption (CIA)   

This assumption suggests the independence of some potential outcomes from the influence 

of the treatment by the program. This could result from a given set of observable covariates 

𝑋 𝑖 which are not affected by the treatment. This is a critical assumption and has to do mainly 

with the quality of data and the ability to identify alternative strategies that explicitly allow 

unobservable selection.  This implies, the uptake of the program is entirely based on observed 

characteristics of beneficiaries. Rosenbaum and Rubin (1983) have called this condition 

unconfoundedness. Suppose 𝑌𝑖
𝑇 represent the outcome for participants and 𝑌𝑖

𝐶 outcomes for 

nonparticipants, CIA implies  

(𝑌𝑖
𝑇 , 𝑌𝑖

𝐶)  𝑇𝑖|𝑋𝑖                                                                                                          [ Eq.6]  
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A weaker assumption is needed to estimate the AT or the ATT, as captured by equation 7. 

Once sufficient data to satisfy the CIA, instrumental variable and DiD strategies can 

alternatively be used as elaborated in subsequent sections.     

 𝑌𝑖
𝐶  𝑇𝑖|𝑋𝑖                                                                                                           [Eq.7] 

                                     

4.3.2. Overlap or Common Support Assumption  

The use of PSM requires testing the second assumption, namely the common support or 

overlap condition (see Equation 8). It ensures that treatment observations have comparison 

observations "nearby" in the propensity score distribution. Alternatively, the effectiveness of 

PSM depends on the availability of a large and roughly equal number of participants and 

nonparticipants observations. A substantial region of common support can easily be found.  

0 < P (Ti = 1|Xi);                                                                                                         [Eq.8] 

 

For estimating the TOT, this assumption can be relaxed, and it becomes:  

 

P (Ti = 1|Xi) < 1.                                                                                        [Eq.9] 

 

4.4. Matching Participants to Nonparticipants  

 

There are different criteria for matching participants to nonparticipants based on the propensity 

score. This entails computing a weight for each matched participant-nonparticipant set. 

Further, choosing a particular matching technique may affect the resulting program estimate 

through the weight assigned. The matching criteria include Nearest-neighbor matching, 

Caliper or radius matching, Stratification or interval matching, Kernel and local linear matching, 

and Difference-in-difference matching. The details and demonstration are well elaborated in 

Khandker et al. (2009, P.P.: 60-61). Several steps, therefore, can be used to match 

participants to nonparticipants. Comparing results across different matching methods can 

reveal whether the estimated program effect is robust. 
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4.5. Application of PSM for the Case of support in Terracing for soil erosion control in 

Rwanda  

 

This case study assesses the impact of support in terracing on-farm income among 

smallholder farmers in Rwanda.  

 

Stage 1: We start by describing the treatment variable, the outcome variable, and the X 

variables, namely age, gender, and education.   

  farm_income         918    140199.3    238790.6        300    2000000

   education         429    1.428904    1.276203          0          8

         age        1398    46.19242    13.59458         18         88

                                                                      

    Variable         Obs        Mean    Std. Dev.       Min        Max

-> terrace_support = Yes

                                                                                         

 farm_income         377    132495.5    209774.9       2000    1606000

   education         276    1.413043    1.245958          0          7

         age         457    46.98468    13.00598         21         87

                                                                      

    Variable         Obs        Mean    Std. Dev.       Min        Max

-> terrace_support = No

                                                                                         

. bysort terrace_support: sum age education farm_income

 farm_income        1295    137956.6    230666.9        300    2000000

   education         705    1.422695    1.263584          0          8

         age        1855     46.3876    13.45283         18         88

      gender        1855    .4991914    .5001342          0          1

terrace_su~t        1855    .7536388    .4310075          0          1

                                                                      

    Variable         Obs        Mean    Std. Dev.       Min        Max

. sum terrace_support gender age education farm_income

farm_income     float  %9.0g                  HH annual farm income (FRW)

                                              HHH_education

education       double %10.0g      education

age             double %10.0g                 HHH_age

gender          double %10.0g      gender     HHH_gender

                                                terracing?

                                              Did the HH receive development support for

terrace_support double %10.0g      terrace_support

                                                                                         

variable name   type   format      label      variable label

              storage  display     value

. describe terrace_support gender age education farm_income

      Total        1,855      100.00

                                                

        Yes        1,398       75.36      100.00

         No          457       24.64       24.64

                                                

 terracing?        Freq.     Percent        Cum.

support for  

development  

    receive  

 Did the HH  

. tab terrace_support

                                                terracing?

                                              Did the HH receive development support for

terrace_support double %10.0g      terrace_support

                                                                                         

variable name   type   format      label      variable label

              storage  display     value

. describe terrace_support
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Stage 2: At the second stage, a regression of the outcome variable farm_income against the 

treatment variable and X variables. The effect of terracing on-farm income is found in this case 

to be positive but not statistically significant even at 10%.  

 

Stage 3: the next stage is to compute the propensity score where the treatment is the 

terrace_Support; 24.6% did not receive support in terracing compared to 75.3% who received 

support in terrace construction.  

 

                                                                                 

          _cons     78404.47   40825.42     1.92   0.055    -1789.654    158598.6

terrace_support     17976.59   19998.78     0.90   0.369    -21307.38    57260.56

      education    -552.9117   7273.702    -0.08   0.939    -14840.78    13734.95

            age     632.7465   749.0381     0.84   0.399    -838.6028    2104.096

         gender     66416.56   19543.61     3.40   0.001      28026.7    104806.4

                                                                                 

    farm_income        Coef.   Std. Err.      t    P>|t|     [95% Conf. Interval]

                                                                                 

       Total    2.9012e+13   550  5.2749e+10           Root MSE      =  2.3e+05

                                                       Adj R-squared =  0.0156

    Residual    2.8351e+13   546  5.1926e+10           R-squared     =  0.0228

       Model    6.6049e+11     4  1.6512e+11           Prob > F      =  0.0134

                                                       F(  4,   546) =    3.18

      Source         SS       df       MS              Number of obs =     551

. reg farm_income gender age education terrace_support

                                                                              

       _cons    -.0831158    .188004    -0.44   0.658    -.4515969    .2853653

   education     .0026493   .0380945     0.07   0.945    -.0720146    .0773132

         age     .0075199   .0037403     2.01   0.044     .0001891    .0148507

                                                                              

terrace_su~t        Coef.   Std. Err.      z    P>|z|     [95% Conf. Interval]

                                                                              

Log likelihood = -469.88024                       Pseudo R2       =     0.0044

                                                  Prob > chi2     =     0.1283

                                                  LR chi2(2)      =       4.11

Probit regression                                 Number of obs   =        705

Iteration 2:   log likelihood = -469.88024

Iteration 1:   log likelihood =  -469.8807

Iteration 0:   log likelihood = -471.93379

Estimation of the propensity score 

      Total        1,855      100.00

                                                

        Yes        1,398       75.36      100.00

         No          457       24.64       24.64

                                                

 terracing?        Freq.     Percent        Cum.

support for  

development  

    receive  

 Did the HH  

The treatment is terrace_support

**************************************************** 

Algorithm to estimate the propensity score 

**************************************************** 

. pscore terrace_support age education, pscore (myscore) blockid(myblock) comsup
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The common support area has been selected to be between 0.53 and 0.72 and this should 

not go beyond one or less than zero, [0 < P (Ti = 1|Xi)]. With these results, it is clear that the 

balancing property is also satisfied.   
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 ******************************************* 

End of the algorithm to estimate the pscore 

******************************************* 

Note: the common support option has been selected

     Total         276        429         705 

                                             

        .6         140        241         381 

        .4         136        188         324 

                                             

of pscore           No        Yes       Total

  of block      for terracing?

  Inferior    development support

              Did the HH receive

and the number of controls for each block 

This table shows the inferior bound, the number of treated

The balancing property is satisfied 

********************************************************** 

Use option detail if you want more detailed output 

Step 2: Test of balancing property of the propensity score 

********************************************************** 

is not different for treated and controls in each blocks

This number of blocks ensures that the mean propensity score

The final number of blocks is 4

****************************************************** 

Use option detail if you want more detailed output 

Step 1: Identification of the optimal number of blocks 

****************************************************** 

99%     .7084921       .7194761       Kurtosis       2.670678

95%     .6731315       .7194761       Skewness       .5231697

90%     .6622082       .7194761       Variance       .0013938

75%      .635148       .7161848

                        Largest       Std. Dev.      .0373341

50%     .6046684                      Mean           .6085503

25%     .5764812       .5428163       Sum of Wgt.         705

10%     .5658811       .5368462       Obs                 705

 5%     .5576963       .5368462

 1%     .5457978       .5368462

      Percentiles      Smallest

                                                             

                 Estimated propensity score

in region of common support 

Description of the estimated propensity score 

The region of common support is [.53684625, .71947613]

Note: the common support option has been selected
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Stage 4: Testing of the matching criteria between the participants and non-participants. We 

test the above four criteria: Nearest-neighbor matching, Caliper or radius matching, 

Stratification or interval matching, Kernel and local linear matching as depicted by the results 

below.   

Nearest-neighbor matching: results from the nearest-neighbor matching, the program helps 

to search the nearest neighbor of each treated unit using the propensity score. The results 

from estimating the Average Treatment to the Treated (ATT) (assuming random draw version) 

are presented below. It is important to note that in running this matching method, the outcome 

variable is included, while when running the P.S., this is not included (why?).  Key findings to 

report include: (i) out of all controls, 187 are nearest neighbors of 429 treated. Participating in 

terracing program is likely to increase the farm income for the treated by 31,229 Rwandan 

francs though the difference is not statistically significant. However, there is an error in the 

bootstrapping command that needs to be addressed.  The other matching methods are 

subsequently presented, and their interpretation follows the same order as depicted in Table 

(1). The stata results are shown in the appendix.   

Table (1). Summary results of the P.S. matching methods of participants and non-participants  

Matching Method No. 

Treated  

No. of 

Controls  

ATT 

value 

Std. Error T-Value  

Nearest Neighbor  429 187 31229.6 28375.2 1.1 

Caliper or radius 

matching 

221 215 24520.1 23694.2 1.0 

Kernel and local 

linear matching 

429 276 7244.3 - - 

Stratification or 

interval matching 

429 276 8150.491 18852.0 0.4 

 

Reading paper   Access from:  

Melesse, M. B., & Bulte, E. (2015). Does land 

registration and certification boost farm productivity? 

Evidence from Ethiopia. Agricultural 

Economics, 46(6), 757-768. 

Erwin 

Bulte_Propensity Score Matching.pdf
 

 

Reflection question: 

 (1) Compare the results above and discuss their differences and other areas to consider in 

future analysis using PSM? 

  (2) What could be the reason for the high standard errors and low or inexistent T-value(s)      

(3) Discover how to correct for the bootstrapping and have its real values and see how different 

they are from those obtained in the table above.   
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Chapter 5.  Randomization and Estimation of Treatment 

Effect  
 

5.1 Learning objectives 

One of the most critical questions to answer in program or policy impact assessment is finding 

an excellent counterfactual or control group to generate or estimate the 'TRUE 'causal or 

treatment effect. This section aims to explain from a practical perspective how one would 

perform a randomized assignment, how to calculate the treatment effects in a randomized 

setting, how to design a counterfactual, and how to address practical issues when evaluating 

randomized interventions.  

5.2 Setting a counterfactual for  program or policy evaluation  

The estimation of the treatment effects requires both participants and nonparticipants to be 

identified in purely randomized settings. But this seems an ideal scenario that is based on 

strong assumptions such as strict independence of the participants and non-participants or 

having the same characteristics on observed variables or covariates. We start by explaining 

randomization and its varied approaches and how it works in practice. 

Critical steps in the randomization process: generally, there are many steps one will 

need to set the counterfactual group before the evaluation. These steps should be seen as 

part and parcel of the design of the program implementation and in establishing the monitoring 

and evaluation framework of the program or the policy. Starting from the logical framework of 

the program, the different types of interventions to be made and the expected outcomes have 

to be well thought of, and the definition of the eligible population for the treatment assignment 

as well as the counterfactual or control group must be well defined and selected randomly 

without following any specific pattern.  

Random selection or distribution of participants and non-participants: the selection or 

distribution of participants and non-participants depends on the nature of the treatment, which 

varies from one sector to another or from one discipline to another. It is commonly known as 

a randomization process. In this process, key steps are described:   

 Firstly, define or identify the eligible population based on the nature of the intervention;  

 Secondly, conduct a random selection of a representative list of potential participants 

to the treatment out of identified population within a certain minimum margin of error 

to obtain the evaluation sample; 

 Thirdly, individuals in the evaluation sample are randomly assigned (how?) to the 

treatment and control group. This should help to demonstrate that any subsequent 

change (s) in the outcome (s) considered is due to the program or policy's interventions 

instead of other unobserved factors or covariates. Yet, in some treatment cases, 

especially for development programs, it is difficult to obtain a program without 

uncontrolled multiplier effects. Again, this stage is guided by a strong assumption that‚ 

all individuals have an equal chance or probability of being selected as participants to 

the treatment or non-participants to the treatment. This assumption reflects zero 

selection bias – both by the program or self-selection by the potential participants.  

 Fourth, how the elements or the individuals are practically allocated to the treatment 

or control group is also part of the above three steps, although it needs specific 
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consideration. These days, the use of a computer program facilitates the task – 

imaging before you could write on individual pieces of paper the names of all 800 

people eligible for the program. Then you put all these names in a bowl and ask a 

person to select randomly ( blindly- because no pattern is followed to select individuals) 

out of 400 characters. We will explain further in the practical part how to implement a 

computerized randomization process.  

 

 

Source: PPTs by Selfing, 2019, AQUEDP  

From the above key steps, the following considerations or observations are also important and 

worth mentioning:  

 It must be noted that randomization happens when the number of subscribers is 

greater than the number of planned beneficiaries. In a context where a program will 

need to cover all eligible population, the randomization is then done in different phases 

until the interventions cover such a population.  

 The selection of participants and non-participants is made based on similar observable 

characteristics. Having two groups with similar characteristics in every way guarantees 

that the estimated counterfactual approximates the actual value of the outcome in the 

absence of the treatment and that once the program is implemented, the estimated 

impacts will not suffer from selection bias ( Getler et al., 2016)4.   

 The above steps described are more related to choosing the treatment and the control 

or comparison sub-population. Other implementation steps include collecting baseline 

data ( metrics) from the two groups and having a baseline report that organizations 

pay less attention to. When the endline evaluation is to be done, it becomes difficult to 

implement due to the lack of the baseline report. Other data to be collected are related 

                                                           
4 Gertler, P. J., Martinez, S., Premand, P., Rawlings, L. B., & Vermeersch, C. M. (2016). Impact 

evaluation in practice. The World Bank. 
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to the implementation. These could serve the mid-term evaluation, followed by the 

endline data to compute or estimate the program impact.  

 

                     Figure 1: Randomization process  

                     Source: Getler et al., 2016.  

 

5.3  Estimation of the Randomized  Treatment Effects  

How does one estimate the treatment effect after the randomization? We start with a general 

case of estimation of the treatment effect and draw into the estimation of a purely randomized 

treatment followed by estimating the treatment in a partial randomization setting.  

5.3.1 Calculation of the treatment effect  

Starting from insights from the previous section, the estimation of the treatment effect ( 

Average Treatment Effect (ATE) or Treatment on the Treated (TOT)  is increasingly receiving 

greater attention. This has been discussed by many econometric books and papers – both in 

terms of increasing the understanding of the theoretical and practical fundamentals of impact 

evaluation or through the application of this econometric theory to program or policy evaluation 

studies(e.g., Wooldridge,2002: P.P. 18; Cameron and Trivedi, 2005; Imbens and Angrist, 

1994). As already mentioned, the main concern in program evaluation is about having good 

knowledge of the nature of the interventions or treatment. These effects may differ from 

individuals in the treatment and between the participants and nonparticipants even though 

selection bias has been addressed. The participants have been randomly assigned to the 

treatment and the comparison group.  

Taking our example of the impact of bench terracing on farmer's yield or output value, let 𝑊𝑖 

equal to 1 if individual household 𝑖 is supported for terracing and 0 if not.  Let 𝑌𝑖 (1) be the 

outcome under treatment and 𝑌𝑖 (0) the outcome under the control or comparison group. The 

gain from treatment or the causal effect for a particular unit under treatment 𝜏𝑖 is provided by:  

                 𝜏𝑖 = 𝑌𝑖(1) − 𝑌𝑖(0)                                                                           [Eq.10] 

Generally, two parameters are estimated. The average outcome of the treated also known as 

the Average Treatment Effect (ATE) and the Average Treatment Effect on the Treated ( ATT).  

𝜏𝐴𝑇𝐸 = 𝐸 [𝑌𝑖(1) − 𝑌𝑖(0)],                                                                       [Eq.11] 
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The above parameter represents the average causal effect or the expected gain for a 

randomly selected unit from the population. The following parameter represents the average 

treatment effect for the units under treatment. Therefore, these parameters, ATE and ATT, are 

defined without reference to a model or a discussion of the nature of the treatment. In the 

following sub-sections, these parameters are computed, assuming that the treatment is 

obtained through pure or partial randomization.  

 

𝜏𝐴𝑇𝑇 = 𝐸 [𝑌𝑖(1) − 𝑌𝑖(0)|𝑊𝑖 = 1]                                                                  [Eq.12] 

 

5.3.2 Treatment effects under a purely randomized sample  

A pure random sample is rare in most cases. It assumes both the treated and untreated units 

( e.g., individual households or any subject under assignment) would have the same (value) 

outcome in the absence of the program.  In this case, the 𝐸 [𝑌𝑖(0)|𝑊𝑖 = 1] is equal to 

𝐸 [𝑌𝑖(0)|𝑊𝑖 = 0]. 

For pure randomization, the experimental sample is divided into the treatment and the control 

group. In terms of regression, this exercise is expressed as follows:  

                              𝑌𝑖 = 𝛼 + 𝛽𝑊𝑖 + 𝜀𝑖                                                                   [Eq.13] 

Where 𝑊𝑖 is the treatment dummy equal to 1 if the unit 𝑖 is randomly treated and 0 if otherwise. 

From the above equation, 𝑌𝑖 is defined as 

                          𝑌𝑖 ≡ [𝑌𝑖(1). 𝑊𝑖] + [𝑌𝑖(0). (1 − 𝑊𝑖)]                                            [Eq.14] 

For the above case where treatment is random, then 𝑊 𝑎𝑛𝑑 𝜀 are independent. Equation 13 

can be estimated using the Ordinary Least Square (OLS) and the treatment effect, 𝛽𝑂𝐿𝑆 

estimates the difference between the outcome of the treated and untreated. Furthermore, an 

unbiased estimate of the program's impact or policy can be obtained if the randomization 

during the evaluation is appropriately designed and implemented.  

Table (2) depicts the treatment coefficient of bench terracing on yield and other control 

household characteristics, operating inputs, and institutionally related covariates. The study 

estimated the effect of bench terraces on yields for households supported and those without 

support in terracing in Nyamagabe District, Southern Province of Randa. The treatment is 

captured by the dummy variable (B.T.), which seems to positively affect the sample population 

of 2009 and not for the sample of 2004 or when the two samples are pooled together.   

 

Table (2). OLS estimates of potato yield with robust standard errors: ATE: Coeff.  of B.T. 

 

Variables  Sample 2004 Sample 2009 Combined sample 

 (2004 -209)   
Coefficient t-value Coefficient t-value  Coefficient t-value  

Household Characteristics  

Female head  -0.145 -0.85  0.204 1.20 -0.700 -0.48 

Family size  -0.189 -0.53  -0.189 -4.01*** -0.036 -1.09 
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Variables  Sample 2004 Sample 2009 Combined sample 

 (2004 -209)  

Education of the 

HH  

0.06 3.00 *** -0.002 -0.10 0.044 2.30** 

Age of the HH 0.01 2.15** -0.008 -1.33 0.006 1.23 

Farm/Operating 

inputs  

      

Fertilizer (Frw
-ha

)
 
 4.37e-07 0.45 1.15e-06 0.63 -5.92e-07 -0.62 

Seeds (Frw
-ha

)
 
 4.92e-06 5.06*** 1.49e-06 2.28** 4.32e-06 4.48*** 

Lime (Frw
-ha

)
 
 1.45e-06 1.08 

    

Manure (Frw
-ha

)
 
 

  
1.98e-06 2.47** 

  

Institutional  
      

DAP support 

(Dummy)  

0.186 1.02 -0.734 -3.55** 0.110 0.65 

Bench terraces 

(BT) (Dummy)  

-0.156 -0.82 0.511 2.47** -0.226 -0.13 

Period (Dummy) 
    

0.963 3.88*** 

Constant  6.794 17.39*** 9.639 21.39*** 7.432 20.66*** 

 (n) 143 
 

39 
 

182 
 

R
2
  0.306 

 
0.666 

 
0.211 

 

Significance 

level regression  

0.0000 
 

0.0000 
 

0.0053 
 

 Source: Bizoza ( 2004, 2009). 

5.3.3 Treatment Effect under Partial Randomization  

In most practical cases, pure randomization is challenging to undertake and obtain. 

Alternatively, partial randomization is applied. In this case, both the treatment and the 

untreated samples are randomly drawn, conditional on some observable variables or 

characteristics, 𝑋𝑖, such as land size, levels of income, and family size. For simplicity, let's 

denote 𝑌𝑖 (1) as 𝑌𝑖
𝑇 and 𝑌𝑖 (0) as 𝑌𝑖

𝐶. Therefore, equation 13 could be applied to a sub-sample 

of program participants and nonparticipants.   

𝑌𝑖
𝑇  = 𝛼𝑇 + 𝑋𝑖𝛽𝑇 + 𝜇𝑖

𝑇         𝑖𝑓  𝑇𝑖 = 1, 𝑖 = 1, . . . .,n                                            [Eq. 15] 

𝑌𝑖
𝐶  = 𝛼𝐶 + 𝑋𝑖𝛽𝐶 + 𝜇𝑖

𝐶         𝑖𝑓  𝑇𝑖 = 0, 𝑖 = 1, . . . .,n                                            [Eq.16] 

 

Equation 15 represents the outcome for the treated, while equation 16 portrays the outcome 

on the control group.  However, it is also common to estimate the two equations in a pooled 

equation where equation 15 is multiplied by 𝑇𝑖 and equation 16 be multiplied by (1 − 𝑇𝑖) and 

use the identity in equation 14 to get the following equation 17: 

                          𝑌𝑖 ≡ 𝛼𝐶 + (𝛼𝑇−𝛼𝐶)𝑇𝑖 + 𝑋𝑖𝛽𝐶 + 𝑋𝑖(𝛽𝑇 − 𝛽𝐶)𝑖
𝐶𝑇𝑖 + 𝜀𝑖                  [Eq.17] 

Where 𝜀𝑖=𝑇𝑖(𝜇𝑖
𝑇 − 𝜇𝑖

𝐶) +  𝜇𝑖
𝐶. The treatment effect from equation 17 can be written as 𝐴𝑇𝑇 =

𝐸[𝑌𝑖 |𝑇𝑖 = 1, 𝑋)= 𝐸[𝛼𝑇-𝛼𝐶+𝑋𝑖(𝛽𝑇 − 𝛽𝐶), this is just the treatment effect on the treated earlier 
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discussed.  On the other hand, in heterogeneous situations, the two treatment effects, AT and 

ATT, are different. Still, if individuals are randomly included in the program, we expect no 

difference between the two" ATE and ATT.  Furthermore, both AT and ATT can be associated 

with  other covariates 𝒙𝒊.  

5.3.4 Estimation of the Local Average Treatment Effect (LATE) 

The Local Average Treatment Effect (LATE) is defined by Imbens and Angrist (1994).  It is 

represented by equation (18). LATE is interpreted as the average treatment effect (ATE) for 

those who would be induced to participate by changing their status from "Untreated Wi=0 to 

"Treated." Wi=1. LATE is different from ATE and ATT for two major reasons:  

 First, it depends on instrument z; if we use a different instrument, then generally LATE 

changes.  

 Because we cannot observe W1 and W0, consequently, we cannot identify the sub-

population with W1 - W0=1.  For more details, read Imbens and Angrist (1994) or World 

ridge (2002).  

      𝐸(𝑌(1) −  𝑌(0)|𝑊(1) − 𝑊(0) = 1)                                                        [Eq.18] 

 

5.4 Case-Study and application  

 

Reading paper   Access from:  

Melesse, M. B., & Bulte, E. (2015). Does land 

registration and certification boost farm productivity? 

Evidence from Ethiopia. Agricultural 

Economics, 46(6), 757-768. 

Erwin 

Bulte_Propensity Score Matching.pdf
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Chapter 6.  Difference -in-Difference Approach  
 

6.1. Learning objectives  

This chapter's learning objective is to equip students or participants to use the Difference -in- 

Difference (DiD). More specifically, trainees are introduced to when the approach should be 

used, how to compute the treatment effect using the DiD approach, and the limitations or 

drawbacks of using this approach.  

6.2. When is the Difference -in-Difference used? 

 

In the previous sections, we have discussed the matching methods that help reduce the 

selection bias in choosing the treatment and the control group based on observable 

characteristics. The application first requires data collection befor the program  and after the 

program or the policy has been implemented and operated for some time. This Difference in 

Difference, commonly known as the double-difference (D.D.), has been used in the non-

experimental evaluation. The D.D. method compares the changes in outcomes over time 

between the treated and untreated population. The D.D. estimator relies on additional data in 

the form of samples of treated and control cases before and after the treatment (e.g., Imbens 

and Woorldridge, 2008). 

6.3. Calculating the Difference in Difference Method 

Let's consider assessing the impact of an intervention like bench terraces on potato yield in 

Rwanda ( see Bizoza, 2012, Bizoza and Jan Degraaff, 2012).  Increasing crop yield is one of 

the expected impacts of bench terraces interventions, among other factors. To assess the 

impact of bench terraces (B.T.), we need information about farmers with support in bench 

terracing and from farmers without support in bench terracing. Thus, households with bench 

terraces (B.T.) constitute the 'with cases,' and those with no bench terraces (NBT) constitute 

the 'without cases'. One of the outcome indicators is yield; observing the before and after a 

change in yield levels for the farmers participating in the terrace support program will not 

capture the causal effect from the support due to many other possible influences from other 

factors likely to influence the change crop yield. To address the issue of effects from 

unobserved factors, one compares the before and after yield for both the treated and untreated 

group. Thus, the D.D. method computes the difference in the outcome during the 

postintervention period and the preintervention baseline conditions between the treatment and 

the untreated group concerning the outcomes observed.  

For illustration purposes, let's consider Potato yield to be the outcome measured for two 

periods 2004 and 2009. Estimates of potato yield in 2004 serve as the baseline conditions, 

while those in 2009 serve as the endline conditions. We start by comparing the two populations 

using a two-sample T-Test as reflected in Table (3).  
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Table (3).Mean differences of Sample Household Characteristics: Two-sample T-Test  

Farmer Characteristics  2004 Sample  2009 Sample  Mean diff  

(T value)  
Valid 

cases  

Mean 

(Std. 

Dev) 

Valid 

Cases 

Mean 

(Std. Dev) 

 
  

Sample size  204 - 136 - - 

Gender 143 60.83 

(0.4) 

136 57.2 (0.4) - 

Family size 143 5.64 (2.1) 136 5.81 (1.9) 0.31 (1.24) 

Years of education of the 

HH 

143 4.63 (3.7) 135 2.2 (2.9) -2.40 (-5.99) 

*** 

Age of the HH  143 42.09 

(13.3) 

136 45.96 (14.7) 4.76 (2.83) *** 

Annual household income  143 73391 

(11692) 

136 102811(134540) 29419 (1.89) 

** 

Adoption of bench 

terraces  

143 0.39 (0.5) 136 0.35 (0.48) 0.17(2.89) *** 

 Support from World 

Vision (fertiliser input such 

as DAP) 

143 0.46(0.5) 136 0.30 (0.4) 0.18 (3.02) *** 

Operating costs for Potato 

production  

143 53356 

(6143) 

136 18379(1856) 34976(5.56) 

*** 

  

Source: Author  

 

We proceed to compute the impact estimate using the D.D. method as follows:  

 

We compute the difference in the outcome (Y) between the before (A) and after 

situation (B) for the treatment 

group or households with Bench Terraces (B. T. ) ( B − A);  

We also compute the difference in the outcome (Y) between the before © and the 

after (D) for the control group or households without Bench Terraces (B.T.) (𝐷 −

𝐶); 

At the last stage, we compute the difference between the difference in outcomes 

for the treatment group (B-A) and the difference for the control group (D-C), or 

Difference in Difference  DD = (B − A) − (D − C). This is reflecting the impact 

estimate as depicted in the Table below. The D.D. value indicates that farmers with 

bench terraces have a greater yield of about 4.1. Metric tons compared to 

households without bench terraces. 
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Mean Potato 

Yield for 2004 

(kg-ha) (Before) 

Mean potato Yield for 

2009 

 (kg-ha) (After) 

Difference   

Households with BT  6930.8 (A) 9692.8 (B)  2762 kg-ha (B-A)  

Households with 

NBT  

7367.3 (C) 5972.2 (D)  -1391.1 kg-ha (D-C) 

     Double 

difference                           

  4156.8 kg-ha (B-A)-(D-

C) 

Source: Bizoza 

A second illustration is drawn from Gertler et al., 2016 (P.P.: 132-133)5 related to the road 

repair program:  In this case, the D.D. method might compare the changes in employment 

before and after the program is implemented for individuals living in the districts that enrolled 

in the program with the changes in jobs in districts that did not enroll in the program as 

illustrated in the Figure below.  This case reflects a context where the outcomes of the control 

groups grow more slowly than the outcomes for the treatment group in the absence of the 

program, using the trend for the comparison as an estimate of the counterfactual  of the trend 

for the treatment group leads to a biased program's impact, more specifically, we would 

overestimate the impact of the program as depicted in Figure (2) below: 

 

 

                        Source: Gertler et al., 2016. 

                                                           
5 Gertler, P. J., Martinez, S., Premand, P., Rawlings, L. B., & Vermeersch, C. M. (2016). Impact 

evaluation in practice. The World Bank. 
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Source: Gertler et al., 2016.  

Figure (2).  The difference in Difference when Outcome Trends Differ  

6.3. Drawbacks of the Difference in Difference Approach 

The D.D. method is based on a fragile assumption of equal trends between the treated and 

the untreated groups, which will be challenging to observe in uncontrolled conditions. 

Secondly, suppose the differential impacts of other factors beyond the control of the evaluators 

are not accounted for in multivariate regression ( see section 2.2.2: the case of the terracing 

example). In that case, the estimation will be invalid and biased. Therefore, the D.D. approach 

assumes that no such factor is present. This is also another weak assumption.  Nevertheless, 

other techniques and strategies can overcome these limitations, such as combining the D.D. 

method and the PSM method.  
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Chapter 7. Instrumental Variable Model Analysis  
 

7.1. Learning objectives 

The Instrument Variable Model (IV) use helps address selection bias in program evaluation. It 

is an econometric approach used to estimate the causal effects when the variable of interest 

is not randomly assigned and is, therefore, nonignorable or endogenous (Rose and Stone, 

2011). This lecture helps to achieve the following objectives: 

(1) To describe the fundamentals of the IV model for one endogenous regressor and one 

instrument to draw some generalization. 

(2) Explain how the instruments are selected and how their validity is tested. 

(3) How instrumental variables can resolve the issue of selection bias in participation, 

program placement, or both.  

(4) Help participants be more acquainted with the practical processes of applying the 

Instrumental Variable Approach in program evaluation.  

7.2. Estimation with a single endogenous regressor and a single  instrument 

 Starting from the previous equation 13 as above as recapitulated below:   

                              𝑌𝑖 = 𝛼 + 𝛽𝑊𝑖 + 𝜀𝑖                                                                [Eq.13] 

Where 𝑊𝑖 is the treatment dummy equal to 1 if the unit 𝑖 is randomly treated and 0 if otherwise. 

If the treatment  𝑊 is random in the above equation (13), selection bias is not a problem at 

the level of randomization. The treatment assignment may not be random because of two 

major factors: First, the endogeneity may exist in the target of program beneficiaries or 

program placement. This implies a program is placed in sites with some specific 

characteristics (e.g., earnings opportunities, skills or expertise, ability or intelligence) that are 

easy or not to observe and yet correlated with the outcome (𝑌). Secondly, individual 

heterogeneity arising from beneficiaries' self-selection into the program also confounds the 

experimental design or setup.  

One prominent  conditional expectation is 𝐶𝑜𝑣 (𝑊𝑖; 𝜀𝑖) = 0; this implies no correlation between 

the treatment and the error term. If this correlation is different from zero Cov (𝑊𝑖; 𝜀𝑖) ≠ 0, it 

violates the OLS assumption, and the estimation of equation 13 using OLS will result in biased 

and inconsistent estimates, including the estimate of the program effect measured in this case 

with the value of 𝛽, which is the coefficient of 𝑊𝑖. This pattern can be generalized to a panel 

setting of a specific program's evaluation ( Equation 19). From the above equation, only the 𝑖𝑡 

indexes are added to reflect the notation of a panel equation. But the testing of other 

assumptions will depend on the nature of data used and the functional form of the program 

evaluation equation. As it may not be possible to observe the individual heterogeneity across 

individuals or beneficiaries compared to the control group, it is also impossible to observe the 

individual characteristics over time.  

                              𝑌𝑖𝑡 = 𝛼 + 𝛽𝑊𝑖𝑡 + 𝜀𝑖𝑡                                                             [Eq. 19] 

7.3. Selection of instruments and testing of their validity  

As already indicated, the objective of using an instrumental variable is to eliminate the 

correlation between 𝑊 and 𝜀. This is to ensure that the variation in 𝑊 that is uncorrelated with 
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𝜀  is separated.  Alternatively, the variation in 𝑊 that is uncorrelated with 𝜀 has to be separated. 

This implies that an IV, denoted by Z, needs to be obtained and has to fulfill two primary 

conditions: 

A. Correlated with 𝑊: 𝐶𝑜𝑣 (𝑍, 𝑊) ≠ 0 

B. Uncorrelated with 𝜀: 𝐶𝑜𝑣 (𝑍, 𝜀) ≠ 0 

Therefore, the instrument 𝑍 affects the program selection and not on the factors affecting the 

outcome- this is also known as exclusion restriction.  

7.3.1. Use of Two-Stage Least Square  (2SLS)  

For the sake of obtaining the part of the differential part of the treatment variable that is not 

correlated with the outcome, a Two-Stage Least Square  (2SLS) Approach is used for this 

purpose. As it sounds, it is applied through two stages:  

Stage 1: the treatment indicator 𝑊 is regressed on instrumental variable (s) 𝑍 also in 

consideration of other exogenous variables 𝑋𝑖; this is reflected in the following equation (20). 

The estimated treatment indicator 𝑊�̂� from this first stage depicts the part of the treatment that 

is affected by the instrument 𝑍- that is only the exogenous variation.  

 

   𝑊𝑖=𝛾𝑍𝑖+𝜑𝑋𝑖+𝜇𝑖                                                                                          [Eq. 20] 

 

Stage 2:  in the second stage, the estimated 𝑊�̂�  is substituted for 𝑊𝑖 in the initial main 

regression function,  we obtain the following reduced form equation ( Equation 21). Thus, the 

instrumental estimate of the effect from the program is 𝛽𝐼�̂�. Furthermore, it is worth noting that 

the IV model has some variations. For instance, the instrumental variable equation could be 

rewritten as a nonlinear binary response model such as probit or logit and use the predicted 

propensity score as the IV for program placement.    

 

   𝑌𝑖 = 𝛼 + 𝛽( 𝑊�̂�) + 𝜀𝑖     ,     𝑌𝑖 = 𝛼 + 𝛽( 𝛾𝑍𝑖 + �̂�𝑋𝑖) + 𝜀𝑖                                 [Eq. 21]  

       

7.4. Testing for the validity of the selected instrument                                  

One of the empirical questions or concerns concerning an instrumental variable is that, for the 

IV to satisfy the basic conditions as indicated above – correlated with the treatment effect but 

uncorrelated with the residuals, testing whether the instrument (s) identified are weak or satisfy 

the exclusion restriction is necessary. We follow the process proposed by the Khandker et al. 

(2009), and this involves the following two steps: 

(1). First, estimate the structural equation by 2SLS and obtain the estimated residuals 𝜀�̂� 

(2). Second,  regress 𝜀�̂� on 𝑋𝑖 and Z. Obtain 𝑅2 
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(3). Test 𝑛𝑅2~𝑋𝑞
2
 against chi-square distribution with q- number of endogenous explanatory 

variables. The following null and alternative hypotheses are tested for this purpose:  

Null hypothesis ( 𝐻0): all the instrumental variables  are uncorrelated to the residuals 

Alternative hypothesis (𝐻1): at least one of the IV is not exogenous.  

 

7.5. Application – case Study  

For the application of this section on Instrumental Variable Model Analysis, we have selected 

a case study that prescribes how the Instrumental model is used to control for unmeasured 

confounding effects in impact analysis. This case study is used to determine the causal impact 

of a treatment or interventions on health outcomes. The following paper is a tutorial case study 

to help you further understand how this approach is used and how to address related 

challenges.  

Reading paper   Access from:  

Baiocchi, M., Cheng, J., & Small, D. S. (2014). 

Instrumental variable methods for causal 

inference. Statistics in medicine, 33(13), 2297-2340. 

Accessed from: Instrumental variable methods for causal 

inference - Baiocchi - 2014 - Statistics in Medicine - Wiley 

Online Library.  

 

 

https://onlinelibrary.wiley.com/doi/full/10.1002/sim.6128?casa_token=qRmWOJLwv5gAAAAA%3AQW8wYmmu9ZQryosIJ9jUKm3I3BihhnwZxGE4Q4GX-TDy6WZBMT6724mC73BBspoAhkgY5n-hEdE18gwE
https://onlinelibrary.wiley.com/doi/full/10.1002/sim.6128?casa_token=qRmWOJLwv5gAAAAA%3AQW8wYmmu9ZQryosIJ9jUKm3I3BihhnwZxGE4Q4GX-TDy6WZBMT6724mC73BBspoAhkgY5n-hEdE18gwE
https://onlinelibrary.wiley.com/doi/full/10.1002/sim.6128?casa_token=qRmWOJLwv5gAAAAA%3AQW8wYmmu9ZQryosIJ9jUKm3I3BihhnwZxGE4Q4GX-TDy6WZBMT6724mC73BBspoAhkgY5n-hEdE18gwE
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Chapter 8.  Distribution Impact Analysis   
8.1. Learning Objectives  

Several researchers and professionals focus on the Average Treatment Effect (ATE). 

Alternatively, more focus is made on the analysis of means or average. Accordingly, mean 

impacts help to compute the total gain from a program or policy. Still, they do not allow one to 

say about the distribution of the gain among the beneficiaries (with heterogeneous 

characteristics and hence different levels of impacts) or how the distribution of the program's 

outcome is affected by the program beyond changes in its mean. The ATE misses some more 

critical aspects of policy evaluation, such as the impact on inequality and whether treatment 

harms some individuals (Bedoya et al., 2018). Policy makers and development actors are also 

interested in knowing which groups benefit more or less to improve the targeting of policies 

and programs and help allocate limited resources effectively. Therefore, this Chapter is 

developed to acquaint students and trainees on the distributional impact analysis; to provide 

more guidance on how to assess the impact of a program or a policy beyond the Average 

Treatment Effect.  

8.2.  Methods used in the Distribution Analysis  

In this section, the discussion is about different methods used in examining how programs and 

policies affect individuals at various points in the distribution of outcomes ( like per capita 

income or expenditure). This discourse helps policymakers understand how gains from a 

development project might vary by an individual or household characteristics such as age, 

household income, or poverty level status. For example, for the case of Rwanda,  reference 

made to the interventions through different social schemes such as Vision 2020 Umurenge 

Program (VUP), policymakers may be interested to understand how the impacts from VUP 

vary across the various categories of Ubudehe- a scheme used to categorize poverty levels. 

In this context, it is essential to assess both the impact on outcome distribution and distribution 

of treatment impacts. 

8.2.1 Use of linear regression framework to assess the distribution of program impacts  

Using the same example of poverty reduction program (VUP in the case of Rwanda), the 

impact might be direct as the proportion of targeted households who fell out of poverty. For 

instance, Bizoza et al. ( 2018) have assessed the poverty dynamics in Rwanda. They found 

that a non-negligible proportion of initially non-poor households fell below the poverty line 

between the two waves of the survey used, namely 2010/11 and 2013/14. In this context, 

policymakers are interested to understand how a particular poverty reduction program has 

impacted the different categories of beneficiaries. Similarly, the interest might also be 

assessing how the program has affected people differently from their other districts or 

provinces.  

  Using the linear regression framework, different program impacts can be represented 

through variation of the intercept and the coefficient of the program or treatment effect. Unlike 

equation (19), where the intercept and coefficient of the treatment are regarded as fix or 

constant, while in this equation (22), both the intercept and the coefficient of the treatment or 

the program effect vary across individuals or households considered in the program.  Here the 

outcome is measured by poverty reduction measured by income level of individuals  ( 𝑌𝑖), the 

treatment is also measured by 𝑊 for individuals (i)  while 𝑋𝑖 measures the effect of other 



 

40 
 

exogenous variables, including heterogeneous individual characteristics. The impacts 

measured in this case are known as heterogenous program impacts. Using the case study 

demonstrated in the Box (1), the results show heterogeneous impacts of the Girinka Program 

and other government support on the probability of poverty dropouts.  

                              𝑌𝑖 = 𝛼𝑖 + 𝛽𝑖𝑊𝑖 + 𝜑𝑋𝑖 + 𝜀𝑖                                                         [Eq. 22] 

 

Box 1: Case-Study:  heterogeneous effect of policies ( random effect logit)  

 

In a study by IPAR and CPAN (2019), the determinants of poverty dynamics are assessed, 

focusing on different programs or policy support in the context of Rwanda. The effect of 

receiving a cow through one cow per poor household (Known as Girinka program) or any 

other government support through the Vision 2020 Umurenge Program is assessed. It is 

clear from the results below that The Girinka Programme has a protective effect against 

poverty, especially for households with a male head and for rural households. Still, the 

association does not hold when the household head is female. It is also associated with 

poverty reduction in the Southern, Eastern, and Western Provinces (but not in Kigali or the 

Northern Province). 

 

 
Source: IPAR and CPAN (2019).  

 

8.2.2 Quantile Regregression Approach (QRA)  

An alternative approach to measuring the distributional impacts of a program or a policy is the 

quantile regression approach. In this case, the program effect is computed for a given quantile 

𝜏 in the distribution of a certain outcome 𝑌; this is regressed against observed covariates 

including the treatment effect variable 𝑊. Following Schandaler et al.. (..), the quantile 

regression model can be captured as follows:  

                   𝑌𝑖 = 𝛽𝜏𝑋𝜏 + 𝜀𝜏   ; 𝑄𝜏( 𝑌𝑖/𝑋𝜏) = 𝛽𝜏𝑋𝜏, 𝜏 ∈ (0.1)                                      [Eq.22] 
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The expression 𝑄𝜏( 𝑌𝑖/𝑋𝜏) stands for the quantile 𝜏 of the outcome 𝑌, say log per capita 

expenditure, conditional on the vector covariates (X). The quantile's coefficients can be 

interpreted as the partial derivative of the conditional quantile of 𝑌 concerning one of the 

regressors, such as Program or treatment effect 𝑊. 

8.2.3 Quantile Treatment Effects Using Randomized Program Interventions  

Like the average treatment effect (ATE), a counterfactual problem is encountered in 

measuring the distributional impacts of a program. For example, one does not know whether 

a person or household 𝑖 in the treatment distribution would appear in the control distribution. 

For the case of randomized program interventions, the quantile treatment effect (QTE) of the 

same program can be computed using the following equation (23). In this case, the QTE is 

simply the difference in the outcome 𝑌 across treatment (𝑊) and control (C) households that, 

within their respective groups, fall in the quantile 𝜏 of 𝑌.  

 𝑄𝑇𝐸 = 𝑌𝑊(𝜏) − 𝑌𝐶  (𝜏)                                                                                            [Eq. 23] 

 

8.3. Application-Case Study  

 

For increased understanding of this chapter on distributional impact analysis, we have 

proposed two case studies to read, reflecting how the distributional impacts can be assessed 

for program and policy evaluation. The first case study demonstrates how Covid-19 

consequences are distributed across the study population (case-study 1), while the second 

case study describes how the distributional impacts of social programs can be assessed.  

 

Reading paper (s)  Access from:  

Atolia, M., Papageorgiou, C., & Turnovsky, S. J. (2021). 

Re-opening after the lockdown: Long-run aggregate and 

distributional consequences of COVID-19. Journal of 

Mathematical Economics, 93, 102481.  

Friedlander, D., & Robins, P. K. (1997). The distributional 

impacts of social programs. Evaluation Review, 21(5), 

531-553. 
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Chapter 9. The Cost-Benefit Analysis (CBA) 
 

9.1. Learning objectives  

 

The use of Cost-Benefit Analysis in program and policy evaluation is critical to understand and 

appreciate the level of efficiency of a program or a policy evaluation. This chapter aims to 

increase the understanding of the Cost-Benefit Analysis, increase the capacity of conducting 

sensitivity analysis during program evaluation, and allow students and trainees to be 

acquainted with the entire process of cost-benefit analysis from the data collection, valuation 

of the costs and benefits, and CBA analysis using the various decision criteria.   

9.2. Conceptual Overview of Cost-Benefit Analysis  

While the concepts behind Cost-Benefit Analysis (CBA) were already developed in the 19th 

century, the basic technique was devised in the 1930s. It was first applied in the USA for large 

water development projects such as dams and water reservoirs. The political leadership in the 

USA had to justify such huge investments; as a result, the CBA tool was developed. The book 

of Otto Eckstein on “Water resource development: the economics of project evaluation” in 

19568, laid the foundation for the application of CBA. Since then, the technique has been used 

in many other fields to indicate whether the benefits of undertaking a given activity exceed the 

costs. For instance, in agriculture, the CBA has been used to inform on project’s efficiency ( 

e.g., de Graaff, 1996; Lu and Stocking, 2000; Posthumus and de Graaff, 2005; Tenge, 2005; 

Bizoza de Graaff, 2012).  

9.3. Use of CBA for Measuring Efficiency   

CBA provides a framework to measure efficiency. Efficiency is a situation in which resources 

such as land, labor, and capital are deployed in their highest-valued uses in terms of goods 

and services they create ( Boardman et al.,2017)7.  Accordingly, in situations where the 

evaluation cares only about efficiency, CBA provides a method for making direct comparisons 

among alternative policies. Efficiency is, therefore, one of the different goals most evaluation 

will consider, calling for a proper understanding or a precise definition of efficiency. Thus, CBA 

is based on welfare with the concept of 𝐶𝑜𝑛𝑠𝑢𝑚𝑒𝑟 𝑠𝑢𝑝𝑟𝑝𝑙𝑢𝑠 =  𝑊𝑖𝑙𝑙𝑖𝑛𝑔𝑛𝑒𝑠𝑠 𝑡𝑜 𝑝𝑎𝑦 −

 𝑎𝑐𝑡𝑢𝑎𝑙 𝑝𝑎𝑦𝑚𝑒𝑛𝑡.  

9.4. Use of CBA for Decision-Making  

The use of CBA essentially compares the gains and losses associated with an investment 

project ( like road construction or repair, railway line construction, port or urban expansion) or 

with a policy ( such as setting the environmental standard like banning of plastic in Rwanda) ( 

Pearce, 19988). In the case of investment, it is used as a decision tool after computing all costs 

against benefits valued in local currency to come up with a ‘net benefit’ or a ‘net income’ 

(Gittinger, 1982). Therefore, all projects or policies that yield positive benefits after providing 

                                                           
6 Eckstein, O. (1958). Water resource development-the economics of project evaluation. Water resource 

development-the economics of project evaluation. 
7 Boardman, A. E., Greenberg, D. H., Vining, A. R., & Weimer, D. L. (2017). Cost-benefit analysis: concepts 

and practice. Cambridge University Press. 
8 Pearce, D. (1998). Cost benefit analysis and environmental policy. Oxford review of economic 

policy, 14(4), 84-100. 
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total compensation to all that bear costs would be adopted to be no losers, only winners 

(Boardman et al.,2017). Several parameters or decision criteria are computed to help in 

deciding between alternative projects/ programs and policies as described in Bizoza and de 

Graaff (2012): 

Decision Criteria: 

Net present value (NPV) 

 

The NPV compares the total benefits and total costs for a certain period and discount rate. 

Discounting translates future costs and benefits into present values. The discount rate applied 

should represent the opportunity cost of capital.  As with other investment criteria, its choice 

entails possibly two types of errors in choosing a profitable project, among others: a very high 

discount rate decreases the NPV. It may lead to the rejection of a project which might be a 

good one and vice versa. A positive NPV indicates a positive net benefit. In the case of mutual 

exclusiveness, the project with the highest (positive) NPV is favored, other things being equal. 

The formula is:  

 

𝑁𝑃𝑉 = ∑
(𝑏−𝑐)𝑡

(1+𝑟)𝑡
𝑛
𝑡=1                                                                                                                 [Eq.24]  

where: b stands for benefits from an investment and c recurrent costs. The superscript and 

subscript represent future and current time, respectively, while r stands for the discount rate 

at time (t). 

 

Internal Rate of Return  

The alternative decision criterion to choose a profitable project is the IRR. This is the rate that 

renders the NPV to be zero. When the IRR of a project is greater than the discount rate, then 

the NPV of that project is positive. Indecision terms, the project is acceptable. Occasionally 

IRR and NPV may yield a different ranking of projects. Two remarks can be made: the size of 

projects matters in calculating NPV: large projects with high costs and benefits are likely to 

have higher NPVs than small projects. This is not the case with IRR. On the other hand, it may 

be challenging to obtain an IRR when there are no (high) investment sums made in the first 

years. While an NPV can always be calculated by using the formula: 

 

 

∑
(𝑏−𝑐)𝑡

(1+𝐼𝑅𝑅)𝑡
= 0; 1

𝑡=1 when IRR > 𝑟: NPV >  0                                                   [Eq.25] 

 

9.5.  Use of Cost-Benefit Analysis and Cost-Effectiveness for Program Impact  

Evaluation 

The use of CBA in program evaluation helps to answer the following question: what is the 

benefit that a program delivers, compared to its total expected costs. Following Gertler et al. 

(2016) and Boardman et al. (2017), the cost analysis based on impact evaluation evidence 

would exist for a series of programs/ policies or program alternatives so that policymakers 

could assess which program or alternative is most cost-effective in reaching a particular goal. 

They continue to argue that this allows us also to answer the second question: how do various 
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program implementation alternatives compare in cost-effectiveness? This cost-effectiveness 

compares the relative cost of two or more programs or program alternatives to reach an 

expected outcome, such as agricultural yields or student test scores. It is, therefore, critical 

that impact evaluation be complemented by information on the cost of the project, program, 

or policy being evaluated. Once impact and cost information is available for various programs, 

cost-effectiveness analysis can be used to identify which investments yield the highest rate of 

return.  

9.6. Impact evaluation under uncertainty and Sensitivity Analysis  

In most program evaluations using different economic models, there remain several 

uncertainty areas associated with analysis methods. Models are a valuable tool for 

representing the detailed and complex ‘real world’ with a more understandable and 

straightforward structure. While models do not necessarily create a replica of the real world, 

they can demonstrate the relationships and interactions between various factors. Furthermore, 

models allow the decision-maker to combine information from multiple sources and, in some 

cases, to extrapolate findings beyond the trial period. One of the critical activities in modeling 

steps is estimating the coefficient or parameters used to estimate the differential impact on 

outcome variables. Sensitivity analysis helps the evaluator assess the impact of changes in a 

particular parameter on the model’s conclusions. For example, what will be the impact of 

changes in the price of labor (person-days) due to opportunity cost on cash flows and hence 

on the net present value ( NPV). Also, sensitivity analysis helps the evaluator (s) to identify 

the most sensitive driver or variable in the model across different scenarios, as depicted in the 

application case in the next section.  

9.7. The application case study  

We illustrate the cost-benefit analysis based on a program evaluation using the case study by 

Bizoza and de Graaff (2012) comparing two types of investments in soil and water 

conservation using terraces.  Two scenarios are tested, one financial profitability of terraces 

constructed through program support and financial profitability for terraces been built without 

support. In this case, the terraces been created with help constitute the treatment while those 

with terraces without support constitute the control group. The focus is on the financial 

profitability of the investment.  

The reference for the detailed case study is provided in the box below is a summary of the 

results. 

Box 2:  Plot level financial CBA of the bench and progressive terrace in Rwanda 

 

This sub-section presents an overview of investment costs, yields, operating costs, and 

gross margins used for the financial CBA of bench terraces. Subsidized bench terraces 

have relatively low prices (to farmers), and lower potato yields (significant at 10 %), and 

larger fields than those that were not subsidized (Table VII). A possible explanation for the 

relatively large field sizes could be the fact that some of the plots were constructed under 

the support of NGOs (e.g., DAP project of World Vision International funded by the USAID 

and WFP). This support provided short-term benefits, leading to relatively large terraced 

plots, some of which were after that not fully used, and others received improper 

maintenance (like liming and other fertilizers). Inadequate terrace maintenance can 

increase soil acidity and lower crop yields, making it difficult for the investment to pay itself 
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back (Lewis, 1992; Fleskens, 2007). Finally, lack of access to enough inputs like improved 

seeds, manure, and inorganic fertilizers will affect the input-output combination and possibly 

lower the yields until soil fertility is re-established. 

With regard to progressive terraces, most of them are still in the forming stage, making it 

difficult to determine their overall establishment costs based on the farm survey data. 

Therefore, these investment costs feature not in Table VII, and in the financial cost-benefit 

analysis based on survey data, no comparison could be made between BT and PT (Table 

VIII). Farmers contend that progressive terraces need 5 to 8 years to become level 

(comparable to benches), which is similar to the seven years stated by Hudson (1988).  

 

Table 1.  Overview of investment costs, revenues, operating costs, and gross margins of 

potato production for the four situations (in Rwandan francs 1) per ha) 

 

 Situations  SBT4 

(n=20) 

NSBT5 

(n=42)  

BT 2)      PT 

  (n=25)       PT 2) 

NT8 

(n=14) 

 Field 

Data 

Field  

Data 

Standard 

Estimate   

Field 

data  

Standar

d 

Estimat

e  

Field 

Data   

Plot size        

Mean (ha) 0.7 0.32   0.16   0.17 

Investment (per ha)       

Mandays  858 894 1019 -    none 

Costs  36650

8 

339772 1017850

0 

  500000  - 

Annual gross revenues 

(per ha)  

      

Yield (Kg) 6857 9000 15000 5254 15000 5313 

Value  (Frw) 79526

2 

927043 825000 60419

8 

825000 63761

9 

Annual operating costs 

(per ha) 

      

Seed (Kg) -   2000   2000   

Seeds (Frw) 12260

5 

195458 300000 87604 300000 11150

3 

Fertilizers(Kg) 90 60 300 37 300 10 

Fertilizers (Frw) 44339 24479 105000 20411 105000 4365 

Manure (kg) 1080 904   813   1281 

Manure (Frw) 17362

0 

144800   91315   44203 

Pesticide (kg/liters) 10 13 25 7 25 3 

Pesticide (Frw) 742 375 45000 607 45000 257 

Labour (Mandays) 487 841 470 505 470 572 

Labour (Frw) 20185

3 

302316 235000 17708

8 

235000 24542

7 
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Total operating costs (per 

ha) 

54315

9 

667428 685000 37702

5 

685000 40575

5 

Gross Margin per ha 25210

3 

259615 140000 22717

3 

140000 23186

4 

Total operating costs, in 

case opp. costs (50%) of 

manure & labour 3) 

35542

3 

443870 567500 24282

4 

567500 26094

0 

Gross margin, in case 

opp.costs (50%) of 

manure and labour 3)  

43984

0 

483173 257500 36137

5 

257500 37667

9 

  1) 1USD = 550 Frw in 2008   2) Generated from Fleskens, 2007. 

  3)  Alternative calculation with opportunity costs for manure and labor equal to 50 % of 

market prices; see below 

  4) SBT: Subsidized bench terraces 5) NSBT: Not subsidized bench terraces   6) BT: Bench 

terraces   

  7) PT: Progressive Terraces   8) NT: Non-terraced plots  

 

Table 1 above shows that the Gross Margins per ha for bench terraces are only slightly 

higher than for progressive terraces and not for terraced plots when the input data obtained 

from the farmers are valued at market prices. Differences in gross margins are not 

statistically significant. The Gross Margins at this stage do not take into account investment 

costs, only the annual maintenance costs of the terraces. A more thorough analysis that 

takes into account these investment costs is conducted in the next part. Differences in 

revenues from potato yield and expenditure on fertilizers, manure, pesticides, and even 

labor inputs are not proportional to differences in their quantities due to non-uniform 

(products and) prices within the research area.  

The standard estimates, derived from a national survey (Fleskens, 2007), were used 

to compare farmers' estimates. The former show lower GM’s per ha since material inputs 

are considered much higher. The standard estimates of labor costs for investment are 

considerably higher than those obtained from the farm survey because they used national-

level wage rates. They considered that operating costs for progressive terraces would be 

the same as for bench terraces, as they would eventually be similar to bench terraces. We 

found in the farm survey higher operating costs for bench terraces, possibly partly because 

the progressive terraces were not all fully developed as yet. 

 

Financial CBA is used to examine under which social and economic conditions bench 

terraces are profitable. Farmers themselves have perceived the benefits of bench terraces 

in this research as being very productive, increasing soil fertility, and effective for soil erosion 

(see Table IV).  Increased yields on terraced bench plots are an essential stimulus for further 

adopting bench terraces. But, other variables like soil properties, farm management, crop 

and rainfall patterns determine the magnitude of this potential and actual increase of yields.  

 

Farmers’ estimates of investment and operating costs and potato yields, as shown in 

Table VII, were analyzed to determine at plot level whether bench terraces provide good 

financial benefits. Subsidized (SBT) and not subsidized bench terraced plots (NSBT) 

constitute the ‘with case’ while not terraced plots (NT) under the same physical conditions 
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(of the slope, etc.) stand for the ‘without case.’  It has been assumed that the Gross Margins 

in the without case will show an annual decline of 3 % as a result of continued soil erosion, 

assuming that continuous soil mining may lead to abandonment in 30 years. A discount rate 

of 13 percent and a period of 20 years were considered. The discount rate was chosen 

regarding the interest rate applied by a local bank, ‘Banque Populaire,’ when farmers 

request a loan. Results summarized in Table VIII show that SBT is not profitable when 

market prices are applied. The Net Present Value (NPV) is negative (- 47384 Frw), and the 

Internal Rate of Return (IRR of 11%) is lower than the discount rate of 13 %. A possible 

explanation is that subsidized households have a (too) large plot size but do not fully use it 

due to lack of labor and liquidity, among others. The NSBT, on the other hand, seems to be 

just profitable when considering both the positive NPV (27959 Frw) and the IRR (14%) 

criteria. We performed the T-test to check whether the average yield of the samples 

collected in the North is not significantly different from the yield of the samples collected in 

the South. The analysis shows that the mean difference of potato yields in the two samples 

in the two regions is not statistically different, even at 10 % critique level (t = -1.2383). Thus, 

we confirm that these results are neither distorted by differences in potato yield nor because 

more plots with NSBT (about 76 %) are from the samples collected in the North. 

But in effect, much of the labor used is family labor, and manure is from own farms. 

Markets for labor and manure are also imperfect, and formal wage rates and market prices 

of manure are pretty high. Thus, there is an excellent argument to apply opportunity costs 

of 50 percent of market value for manure and labor. When this option is considered, SBT is 

financially viable, with an IRR of 25 %.  Costs of manure and labor represent essential 

components of total operating costs making the NPV very sensitive to their changes. This 

explains partly why some farmers are resistant to adopt bench terraces unless assistance 

is provided from SWC interventions to pay for labor and inputs for maintenance. Positive 

NPVs and IRRs higher than the discount rate (13 %) is observed for NSBT even with no 

labor and manure opportunity cost. It must be admitted that survey results show some 

variability of conditions between farmers, as shown in Table 6.  Posthumus and de Graaff 

(2005) also assert that whether terracing is financially attractive to a farmer depends mainly 

on personal socio-economic circumstances. 

 

Table 2.  Plot level Financial Cost-Benefit Analysis, using farmers’ estimates  

 

Category of plots  SBT 1 (N= 20)  NSBT 2(N=42) 

Bench terracing investment costs ( ha-1 ) 366508 339772 

Labour for terracing (MD ha-1) 858 894 

Gross margin with BT (FRW ha-1) 252103 259615 

Gross margin without BT (NT case) (FRW ha-1) 231864 231864 

Annual decline GM as result of erosion, without BT 3 % 3 % 

NPV (at 13 % discount rate) (FRW ha-1) -  47384 27959 

IRR (%) 11 14 

Gross margin with BT (FRW ha-1), using opp. costs. 

* 

439840 483173 

GM without BT (NT case) (FRW ha-1), using opp. 

costs* 

376679 376679 

Annual decline GM as result of erosion, without BT 3 % 3 % 
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NPV, opp. costs manure and labor *(FRW ha-1) 356517 654553 

IRR, opp. costs manure and labor* (%) 25 37 

Note: * Opportunity costs for manure and labor equal to 50 % of market prices 1) Subsidized 

bench terraces 2) Not subsidized bench terraces.     

The information on establishment costs of terraces (including waterways) by farmers is 

based on rough estimates by farmers themselves and is lower than the official standard 

estimates. Therefore, we also considered a situation with the standard investment cost for 

BT and PT to see whether, under such investment, these techniques are still viable (see 

Table IX). Without considering any opportunity cost, none of the terraces are feasible, 

although PT shows better results. When for the three alternatives, opportunity costs (50 % 

of market value) for manure and labor are considered, PT (IRR of 22 %), and also NSBT 

seem to be profitable (IRR of 16 %).  

 

Reference paper: Bizoza, A. R., & De Graaff, J. (2012). Financial cost-benefit analysis of 

bench terraces in Rwanda. Land degradation & development, 23(2), 103-115. Accessed 

from: Financial cost-benefit analysis of bench terraces in Rwanda - Bizoza - 2012 - Land 

Degradation &amp; Development - Wiley Online Library.  

 

Data used for the Analysis: Data_Cost_Benefit Analysis _The PAPER.xls 

 

  

https://onlinelibrary.wiley.com/doi/full/10.1002/ldr.1051?casa_token=zXG31O2IRBgAAAAA%3AZxb4GVaQG6GqHvYNS6G6lJ-BhFX16AEYu9D-clZFJHToFCh9nmxKx6o4Vaufe6N2CFr-Zy0d6_0Zh4M
https://onlinelibrary.wiley.com/doi/full/10.1002/ldr.1051?casa_token=zXG31O2IRBgAAAAA%3AZxb4GVaQG6GqHvYNS6G6lJ-BhFX16AEYu9D-clZFJHToFCh9nmxKx6o4Vaufe6N2CFr-Zy0d6_0Zh4M
file:///C:/CAVM_Related_Files/RDAE_Department_2020/Impact%20Assessment%20Module/Data_Cost_Benefit%20Analysis%20_The%20PAPER.xls
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Chapter 10. Using Econometric Models for Policy 

Evaluation  
 

10.1. Learning objectives  

The need for the evaluation of policy effects is increasingly being documented and evidenced. 

In most cases, policies are designed without a thorough analysis of the prevailing situation to 

inform the policy makers on possible new actions to be made to improve people’s livelihoods. 

Therefore economic models can be used in understanding the potential interactions and 

interdependence of a program with other existing policies and individual behaviors. This 

section aims to describe some empirical challenges linked to the evaluation of policy effects, 

focusing on the Land Tenure Regularization Program initiated in Rwanda. 

10.2. Discussion on the Econometric Analytical Approach in Policy Evaluation  

In most cases of policy evaluation, there is reliance on the use of qualitative response models 

and, in most cases, using the logit model, which corresponds to the logistic distribution function 

and the probit, which assumes an underlying normal distribution (Maddala, 1983). These 

models are appropriate when modeling with two alternatives of the outcome – namely, its 

occurrence and non-occurrence.  They have been reasonably used in assessing farmers' 

decision to adopt agricultural technologies (see Feder et al. 1983 for a survey of empirical 

research on adoption). Other approaches identified in the analysis of the land tenure impacts 

are the Propensity Score Matching (PSM) Method and the Double Difference-in- Difference 

Method, as already discussed in part 2.  For example, Deininger et al. (2008) applied a 

difference-in-difference approach to compare the difference between pre-and post-program 

household and plot-level outcome variables in certified and no-certified villages with a focus 

on land-related investment and rental market participation in Ethiopia. Their analysis was 

based on a strong assumption of the constant effects of the unobserved differences between 

the treatment and the control villages in outcome variables over time.  Melesse and Bulte 

(2015) used the propensity score matching method to investigate the productivity impacts of 

the Ethiopian land registration and certification program. Grebremedhin and Switon (2003) 

used the Probit to assess the effects of land tenure security factors on long-term investment 

in stone terraces in Ethiopia. A similar study in Rwanda by Bizoza (2011) used different forms 

of probit models to estimate the effects of perceived tenure security on long-term investment 

in bench and progressive terraces. Ali et al. (2014) applied a geographical discontinuity design 

with spatial fixed effects and compared treated and control cells to evaluate short-term 

environmental and gender impacts of land tenure regularization in Rwanda.  Holden et al. 

(2011) used a dynamic probit model to assess the participation of female and male-headed 

households in the land rental markets.  

One of the critical steps in using the econometric approach is the choice of the functional form. 

Since there is an ever-increasing interest in empirical evidence of LTR impacts to justify the 

rationale behind the ongoing land registration in many African countries, the analytical 

approaches matter and need due attention. This chapter argues that the use of logit or probit 

in assessing LRT impacts needs further research, as detailed below. Similar to the comparison 

approaches, some considerations are essential as described in the analysis of the LTR 

impacts that follow.   
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10.3. Use of Logit and Probit models 
The use of probit and logit models assumes an underlying response variable often measured 

by a dummy variable defined by 𝑌 = 1  if the latent variable 𝑌𝑖
∗ > 0 and Y= 0  if otherwise. 

These outcomes are limited in number, and they are based on conditional expectations that 

the event (or expected outcome) will occur. Furthermore, the interest of these models lies 

mainly in the response probability as depicted by the equation [26] (Hoetker, 2007).  

The 𝛽 coefficients are interpreted as Marginal Effects, which measure how much a change in 

explanatory variable changes the probability of the focal outcome. Since these models are 

being used to validate the theoretical argument on the LTR impacts, the results will always 

reflect the empirical likelihood of the anticipated outcomes and not actual responses that may 

translate into real economic outcomes like increased productivity, land-based investment, 

access to credit, and other land collateralized effects. Thus, these outcomes are potential, and 

they may remain potential until adequate subsequent measures are put in place. Similarly, 

achieving these economic outcomes depends mainly on other observed and unobserved 

structural and socio-economic factors, making land certification and registration play an 

indirect role. Feder et al. (1985) also argue that “the conflicting conclusions on the role of 

tenure in agricultural technology adoption may in many cases be the result of the different 

social, cultural and institutional environment - aside from “pure” economic factors.” Although 

results from the use of these models can still guide where the policy needs to take action or 

where it is likely to have significant impacts, the use of more time series (cognizant that they 

are difficult to gather) and panel data in the analysis of LTR impacts may provide greater 

insight and address the uncertainties left with the response probability. Consistent with Holden 

et al. (2016), comprehensive data collection can facilitate tracing the impact pathways through 

changes in market access and behavioral adjustments of households. They continue to assert 

that panel data can help control for the unobservable household heterogeneity and assess the 

dynamic effects of the land reforms.    

𝑃 (𝑦𝑖 =
1

ix
) = {

exp(𝑥𝑖𝛽)

1+exp(𝑥𝑖𝛽)
,  𝑓𝑜𝑟 𝐿𝑜𝑔𝑖𝑡

ϕ(𝑥𝑖𝛽),  𝑓𝑜𝑟 𝑃𝑟𝑜𝑏𝑖𝑡
                            [Eq.26] 

An additional observation lies like data collected during interviews with the farmers. 

Statements like “do you think LTR will affect the production, the investment, the land markets 

and the access to credits” are more based on individual judgment with high potential 

subjectivity. Such farmer’s judgment and estimates are often subject to systematic errors that 

can lead to biased estimates if not well controlled (Holden et al. 2016).  Furthermore, logit and 

probit are usually used to estimate the probability of participation vs. non-participation into the 

program, mainly for the binary treatment cases, which adds vote not to use them to assess 

the actual impact (Caliendo and Kopeinig, 2005).  The history of local institutions plays a 

significant role in the respondents' perceived positive or adverse effects. Sometimes these 

responses may be given without a deeper understanding of the “pure economic factors’ driving 

the outcome.  Therefore, in some cases, the expected change in the probability of occurrence 

of an event is somewhat unbiased from the variables assumed to induce such likelihood. 

There is a need to have accurate and well-collected data that helps to assess the intensity in 

the expected LTR outcomes rather than simple perceptions.  
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10.4. Challenges in using Econometric approaches for  policy evaluation   

The use of econometrics in estimating the causal treatment effects of research and 

development programs is increasingly becoming more popular. The approaches mainly used 

include the Propensity Score Matching, Difference-in-Difference, the Cost-Benefit Analysis, 

Instrumental Variable Model, and Local Average Treatment Effect (LATE). The main areas 

that feature in the discourse of these approaches include the time required to observe the 

effect, the difficulty to isolate individual impact and its spillovers, and the self-selection bias 

(Heckman, 1979). These notions are also crucial in the analysis of the LTR impacts. However, 

consistent with the literature review done by Lawry et al. (2014), few studies satisfy essential 

impact assessment quality characteristics such as handling issues of endogeneity and 

unobserved heterogeneity (Holden et al. 2016; Caliendo and Kopeinig, 2005).   

Most of the programs start with anticipated impacts but with little knowledge of the time it will 

take to observe these impacts. To know this, one needs to unpack the time it takes for a 

participation decision into the program (if it is self-selection); this involves the period of 

observation. Participation decisions are also a function of the anticipated maximization of 

future benefits. But these are primarily uncertain since the information about the future 

earnings is limited most of the time (Todd, 2013). Secondly, the intervention is required to 

yield its expected impacts and how much time these will last. Turning to the case of Land 

Tenure, while land certification is a voluntary decision of households, the intervention is mainly 

driven by the state with support from development partners (Melesse and Bulte, 2015). 

Landowners may not have the time it requires to observe and appreciate whether to participate 

or not. Also, the time it may take for intervention will depend on resources available, while the 

time needed to see the impacts depends on several observed and unobserved factors. It is 

equally important to understand the time it will take for the land-related investment, access to 

credit, and production patterns to respond to tenure security arrangements. Some of these 

outcomes seem mostly to be inelastic, and further assessment is required beyond this paper.  

Despite efforts made by the econometricians on how to isolate individual impacts of the 

programs and control the selection bias, some challenges are worth mentioning as far as land 

tenure regularization is concerned: 

Firstly, the theoretical argument of the LTR productivity impact may be confounded with 

the inability to adequately control for the unobserved land quality such as soil types and 

soil fertility and the endogeneity related to crop choices and input use by farmers 

themselves (Holden et al. 2016).  

Second, the challenge is to adequately determine the extent to which the spillover effects 

from other programs are controlled. For example, the current increment of the crop yield 

observed in Rwanda is mainly attributed to the crop intensification program stated in 2007 

by the Ministry of Agriculture and, specifically, some suggestive findings on increased 

yields resulting from the land use consolidation (Musahara et al. 2014). It requires an in-

depth analysis to isolate the effects of these other programs and those from tenure 

security to avoid possible attribution bias.  

Third, in many African contexts, customary tenure systems also provide a sufficient de 

facto tenure security level, which induces farmers to invest in productivity-enhancing 
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measures (Melesse and Bulte, 2015). Therefore, it is crucial to understand the additional 

level of confidence obtained by farmers because of the formalized and documented land 

certification and registration. The LTR effects depend mainly on fundamental changes 

before and after LTR, so different countries may exhibit very different results. The initial 

situation is different, and the LTR is implemented differently.  

10.5. The  Case-study on Land Tenure Regularization in Rwanda and Ethiopia  

The case study adopted is a systematic analysis of the impacts of land tenure 

regularization in Rwanda and Ethiopia to illustrate the approaches used and the types of 

results obtained on land tenure regulation policy impacts in the two countries.  

 

Reading paper: Bizoza, A. R., & Opio-Omoding, J. (2021). Assessing the impacts of land 

tenure regularization: Evidence from Rwanda and Ethiopia. Land Use Policy, 100, 

104904. Accessible from Assessing the impacts of land tenure regularization: Evidence 

from Rwanda and Ethiopia - ScienceDirect.  

 

 Reading paper:  Bizoza, A. R. (2014). Three‐stage analysis of the adoption of soil and 

water conservation in the highlands of Rwanda. Land degradation & development, 25(4), 

360-372. 

 

Source of data: Household Level Data 19_August_09.dta;  Plot Level 14th_August_09.dta 

 

  

https://www.sciencedirect.com/science/article/pii/S0264837719320289
https://www.sciencedirect.com/science/article/pii/S0264837719320289
file:///C:/CAVM_Related_Files/RDAE_Department_2020/Impact%20Assessment%20Module/Household%20Level%20Data%2019_August_09.dta
file:///C:/CAVM_Related_Files/RDAE_Department_2020/Impact%20Assessment%20Module/Plot%20Level%2014th_August_09.dta
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Chapter 11. Conclusion   
This course aimed to increase the understanding of the program or policy impact assessment 

through applied quantitative and qualitative methods. We have introduced different ways and 

practical cases to explain how the program and policy evaluation is conducted using 

quantitative methods. The course introduces the students or trainees to program and policy 

evaluation fundamentals in the first part of the module. The various reasons why a program 

or policy evaluation is needed are also discussed as part of the rationale or the importance of 

the course. The usefulness of the program and policy evaluation results is to inform the policy 

decisions towards better approaches in improving the impacts of the treatment or people’s 

livelihoods. In the same part, we also introduce the notion of source of information and address 

selection bias, especially in the sampling for program and policy evaluation.  

In the second part of the course, we dealt with different program and policy evaluation 

approaches and tools. The study of Propensity Score Matching (PSM) has revealed how 

researchers or evaluators can solve how people in the treatment group or program 

beneficiaries would have performed if they had not received the intervention. The PSM further 

addresses finding a good counterfactual or comparison group in a randomized evaluation 

since most of the time programs fail to adequately implement an experimental design or setting 

the control group to serve as a reference during the mid-term and long-term assessment.  

Using randomized trials, we demonstrated how the researchers or evaluators could compute 

the treatment effects in a randomized setting. The computation of the Average Treatment 

Effect (ATE), the Treatment Effect on the Treated (TET), and the Local Average Treatment 

Effect (LATE) all help to compute the overall mean of the effects from the program or the policy 

interventions on the beneficiaries or treatment group. The LATE is estimated as an alternative 

estimate of the average treatment for members of the untreated groups when, because of one 

reason or another, they change their status from untreated to treated. The ATE, TET, and 

LATE estimation are explained considering a purely or a partially randomized trial.  

It is also important to compare the mean of the treated and untreated or control group in some 

cases. The use of the Difference in Difference helps to come up with a measured estimate of 

the differential effect of the program or policy between the treated and untreated while also 

considering the situation before and post-interventions. This approach relies on a fragile 

assumption of the equality of the trends of outcome variables for both the treated and 

untreated groups. There is also a potential bias if the differential impact of other variables is 

beyond the control of evaluators.  

The Instrument Variable Model (IV) use helps address selection bias in program evaluation. It 

is an econometric approach used to estimate the causal effects when the variable of interest 

is not randomly assigned and is, therefore, nonignorable or endogenous. Still, more significant 

consideration is needed in the selection of suitable instruments.   

The discussion in the previous chapters focuses on the computation of the mean or average 

impacts of a specific treatment. The introduction of the distributional impact analysis helps 

track the distribution of the gain among the beneficiaries (with heterogeneous characteristics 

and hence different levels of impacts) or how the distribution of the program’s outcome is 

affected by the program beyond changes in its mean. Further, the distributional impact 

analysis helps to reflect on some critical aspects of a policy, especially capacitating 
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researchers to show the potential negative impacts of the program or to be capable of 

differentiating the driving factors of treatment effects across the different categories of 

beneficiaries.  Alternatively, this provides good knowledge of which group benefits more than 

the other to improve the targeting and selection of beneficiaries – both at individual or 

geographical level.  

We also discussed the use of the Cost-benefit Analysis, especially when the evaluation is 

interested in coming up with lessons on the returns on the investment made from a perspective 

of the financial or economic viability of the interventions made through a program or policy 

under evaluation. Cost-Benefit Analysis helps inform policymakers or other actors on the cost-

effectiveness and efficiency of the program and policy interventions.  

The course ends with a provocative reflection on the role of econometrics in policy evaluation. 

The discourse in this part helps to engage the researchers in choosing analytical approaches 

to evaluate a particular policy. Possible challenges one would encounter in the evaluation of 

policies are also discussed in this course.   
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Appendices  

 

Appendix 1: Results from Matching Methods  

Nearest-Neighbor  

 

Radius matching method:  

r(198);

option reps() incorrectly specified

statistic:    attnd      = r(attnd)

command:      attnd farm_income terrace_support age education , pscore(myscore) comsup

Bootstrapping of standard errors 

nearest neighbour matches

Note: the numbers of treated and controls refer to actual

                                                         

      429         187   31229.636    28375.207      1.101

                                                         

n. treat.   n. contr.         ATT    Std. Err.          t

                                                         

Analytical standard errors

(random draw version)

ATT estimation with Nearest Neighbor Matching method 

(2 missing values generated)

(3 missing values generated)

 This operation may take a while.

 The program is searching the nearest neighbor of each treated unit. 

> ps) dots

. attnd farm_income terrace_support age education, pscore (myscore) comsup boot reps (bre
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Kernel or local linear matching:  

 

r(459);

statistic r(attr) evaluated to missing in full sample

statistic:    attr       = r(attr)

> ius(.1)

command:      attr farm_income terrace_support age education , pscore(myscore) comsup rad

Bootstrapping of standard errors 

matches within radius

Note: the numbers of treated and controls refer to actual

                                                         

      221         215   24520.104   23694.234       1.035

                                                         

n. treat.   n. contr.         ATT   Std. Err.           t

                                                         

Analytical standard errors

ATT estimation with the Radius Matching method

 This operation may take a while.

 The program is searching for matches of treated units within radius. 

> s) dots radious(0.1)

. attr farm_income terrace_support age education, pscore (myscore) comsup boot reps (brep
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Stratification or interval matching 

 

r(198);

option reps() incorrectly specified

statistic:    attk       = r(attk)

> dth(.06)

command:      attk farm_income terrace_support age education , pscore(myscore) comsup bwi

Bootstrapping of standard errors 

the bootstrap option to get bootstrapped standard errors.

Note: Analytical standard errors cannot be computed. Use

                                                         

      429         276    7244.307           .           .

                                                         

n. treat.   n. contr.         ATT   Std. Err.           t

                                                         

ATT estimation with the Kernel Matching method 

 This operation may take a while.

 The program is searching for matches of each treated unit. 

> s) dots

. attk farm_income terrace_support age education, pscore (myscore) comsup boot reps (brep
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Annex 2: Guidelines for Individual Impact Evaluation Projects  

Students or trainees will be given guidelines on how to undertake their projects identified 

from a list of ongoing programs and policies in the country to perform their respective 

evaluations. For example, in Rwanda, students may be required to evaluate the social 

protection programs, including the one cow per poor family (Girinka program), Community 

health facility (Mutuelle de Sante), financial assistance through the existing social 

protection schemes. 

r(198);

option reps() incorrectly specified

statistic:    atts       = r(atts)

> block) comsup

command:      atts farm_income terrace_support age education , pscore(myscore) blockid(my

Bootstrapping of standard errors 

                                                         

      429         276    8150.491   18852.014       0.432

                                                         

n. treat.   n. contr.         ATT   Std. Err.           t

                                                         

Analytical standard errors

ATT estimation with the Stratification method

> up boot reps (breps)

. atts farm_income terrace_support age education, pscore (myscore) blockid (myblock) coms

r(198);

option blockid() required

> s)

. atts farm_income terrace_support age education, pscore (myscore) comsup boot reps (brep

r(198);

option blockid() required

> s) dots

. atts farm_income terrace_support age education, pscore (myscore) comsup boot reps (brep
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