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Estimating resilience outcomes in an impact assessment framework with 
high-frequency data 

 
Abstract 
 

As part of an ex-post impact assessment of an IFAD-supported project, the Participatory Small-

scale Irrigation Development Programme (PASIDP), an agricultural project aimed at 

improving food security and increasing income of beneficiaries by providing access to small-

scale irrigation infrastructure systems in four regions of Ethiopia, we ran a lab-in-the-field 

experiment and collected a high-frequency dataset to investigate the relationship between 

farmers' resilience profiles, risk preferences and agricultural productivity and well-being 

outcomes. The novel high-frequency dataset consists of a baseline survey collected in 

November 2016, and three follow-up surveys conducted every three months until November 

2017. The findings from this study offer greater insights into measurement of resilience in the 

context of ex-post impact assessments with quasi-experimental designs. Specifically, the 

robustness of resilience measurement results from different methodologies is explored 

extensively, especially when these results are contingent on the methodology used, as the 

analysis of resilience, and subsequent lessons learned from the analysis to inform future project 

design and implementation could differ greatly. This study aims to fill this gap in the literature 

in this respect, along with measuring impact by characterizing resilience profiles according to 

risk and time preferences. 

 

 

 

 

 

 

 

Keywords: Investment in Irrigation Systems, Resilience, High-frequency 

data, Ethiopia 



1. Introduction 

During the past decade, the increasing frequency and growing intensity of adverse climatic 

events, economic shocks, or conflict events have affected smallholder farmers in developing 

countries to varying degrees, in particular among the poorest of the poor. Addressing the urgent 

need to help smallholder farmers who usually do not have sufficient means to buffer themselves 

against these shocks, several international agencies funding and implementing development 

and humanitarian projects have turned their attention to “building resilience” through the 

interventions implemented. A core focus of resilience-building intervention is to ensure that 

individuals, households, communities, or any other unit of interest is more able to withstand 

negative shocks, economic hardships, and unforeseen risks (FAO, 2016). 

Notwithstanding the growing interest from the development community to build resilience 

through development and policy interventions, there is still no consensus on an empirical 

methodology that could estimate resilience outcomes in an impact assessment framework.  A 

resilience metric is in fact essential both to inform targeting but also as an outcome that would 

allow one to track progress and generate lessons learned from resilience building programmes 

and projects.  To date the only attempt to reconcile the academic and practitioners divide is the 

one by Bene (2017) where the authors develop a resilience estimation framework in the context 

of an impact assessment in Bangladesh.  The authors also note that an ideal scenario for 

estimating resilience in an impact assessment framework is data collected at different points in 

time, namely through “high frequency datasets”.  

Both the paucity of robust analyses and lack of suitable datasets in an impact assessment 

framework motivates our research agenda. The latter has three main objectives; the first is to 

appraise the existing methodologies that attempt to estimate resilience, and compare them to 

elicit advantages and limitations of each estimation method;  the second, is the estimation of 

treatment effects, in a high frequency data context; and the third, the most substantive one, 

aims at identifying  the  key requirements that a methodology should encompass to be robust 

in an impact evaluation framework where programs are evaluated to assess to what extent they 

build resilience in the face of shocks and promote increased well-being for its beneficiaries. In 

this paper we present the results from analyses run as part of the first two objectives. 

Rural Ethiopia presents an interesting setting to study resilience due to its substantial variation 

in geographical landscape, economic activities, and weather patterns. While Ethiopia's average 

annual precipitation level is higher than the rainfall level observed in the rest of Sub-Saharan 



Africa, its agricultural production is often plagued by frequent drought, erratic rainfall pattern, 

and increased incidence of extreme weather events (Matouš et al., 2013). These shocks are 

crucial, and can be devastating for smallholder farmers in Ethiopia, whose livelihood strategies 

are based mostly on agricultural activities, and may not always have access to resources or 

other financial institutions to buffer against them. Common strategies to cope with these shocks 

include selling of valuable assets for cash, selling crops right after harvest before their prices 

peak later in the season for immediate cash, or pulling children out of school as additional 

source of wage labour. As a result, efforts to build or improve resilience among smallholder 

farmers require a careful and thorough understanding of their resilience profiles, and more 

importantly the potential impacts of development or humanitarian projects on both household 

resilience and ultimately their well-being. 

Similar to other well-being indicators, Resilience is a multidimensional concept (Sen, 1985). 

The operational definition of resilience in this paper follows the definition by Bené et al., 2015, 

‘‘the ability of individuals, households, communities, institutions or higher-level systems to 

adequately deal with shocks and stressors”, where the terms ‘‘adequately” refers to the ability 

to avoid short- and longer-term negative impacts” (Bene et al, 2015). 

So far, several resilience estimation methods have been developed by researchers (Constas and 

Barrett 2014). However, developing a streamlined methodology to estimate resilience 

outcomes in the context of development projects which have the objective of being resilience 

building is clearly a research topic that is controversial. Motivated by that, this paper aims to 

appraise and compare the existing methodologies that estimate resilience, and present an 

alternative that would allow a robust estimate of a resilience outcome in quasi-experimental 

design framework.  

In line with the main goal of this study, estimating resilience in a quasi-experimental design 

framework, we first estimate resilience measures with a number of mainstream methodologies 

that have recently gained momentum in the literature in an impact assessment context. In 

addition, do we see robust and ubiquitous evidence of resilience prevalence as displayed by the 

various resilience indices when using the different approaches? While answering this research 

question, we also discuss the implications of setting specific resilience thresholds, defined as 

the critical level at which the household is considered to fall into a non-resilient “trap” which 

can coincide or not with a poverty trap or a food insecure trap. Hence the ancillary question is 



to test whether different resilience estimation methods generate consistent findings on the 

relationship between resilience and poverty traps among the households in the sample.  

We also present a methodology that is robust in an impact assessment framework. Namely, the 

potential endogeneity, in terms of joint determination of the resilience outcome measure along 

with the interventions delivered on the ground, plagues existing metrics and is thoroughly 

assessed in this paper. Hence, we also present sensitivity analyses to estimate an impact 

measure that is exogenous to the intervention.  

The setting to explore our research questions is the Participatory Small-scale Irrigation 

Development Programme (PASIDP), an agricultural project aimed at improving food security 

and increasing income of beneficiaries by providing access to small-scale irrigation 

infrastructure systems in four regions of Ethiopia: Amhara, Oromia, SNNPR, and Tigray. The 

findings from this study would offer greater insights into the advantages and trade-offs of using 

one methodology to measure resilience over another, and how to estimate resilience in an 

impact evaluation of a development project. 

 The first approach that we consider is the one developed by a working group at the Food and 

Agriculture Organization of the United Nations (FAO), who a multivariate statistical technique, 

referred to as the Resilience Index Measurement and Analysis (RIMA) model (Alinovi et al., 

2010; Bauer et al., 2011; FAO, 2013). A second approach, is an updated version of the RIMA 

model, the Resilience Index Measurement and Analysis – II (RIMA II) model which employes 

structural equation model (d'Errico et al., 2015a; d'Errico et al. 2015b; Kozlowska  et al., 2015; 

d'Errico et al., 2016; FAO, 2016).  

The third approach combines different sub-indices to form a single resilience index with 

polychoric factor analysis using a household survey conducted in Ethiopia from the Pastoralist 

Areas Resilience Improvement and Market Expansion (PRIME) project (Frankenberger, 

2015). The fourth approach is the one implementing the development resilience framework by 

Barrett and Constas (2014) and use a conditional moment-based econometric approach to 

compute household-level resilience index (Cissé and Barrett, 2016; Phadera et al., 2017; Upton 

et al 2016).  

The wide range of methodologies broadly fall into two streams of estimation frameworks. The 

first estimation framework acknowledges that resilience is an unobservable and 

multidimensional construct and as such needs to be estimated through latent variables models, 



other general aggregation procedures, or data reduction techniques that aim at synthesizing a 

number of variables into a “composite” one. In this paper a number of possible ways to estimate 

a resilience “index” are presented (RIMA I and RIMA II). 

The second estimation framework recognizes that resilience is a construct that is indexed to an 

outcome (food insecurity, or poverty for instance) whereby the resilience variable figures as a 

determinant or explanatory factor, instrumental to the study of another phenomenon or more 

specifically the outcome of interest. Therefore, this estimation framework implies estimating 

resilience in a multivariate regression context. The framework by Barrett and Constas and 

(2014), who develop the theory of “Development Resilience” falls into this group.  Their 

resilience theory is closely linked to the economics of vulnerability and the poverty traps 

theory. Attempts to operationalize the theory are presented in Cisse and Barrett (2016), and 

Phadera et al. (2017). Other approaches mix the two-estimation framework (PRIME). 

These methodologies have been tested in an impact assessment framework but have not been 

validated jointly in a high frequency data context. In addition, the potential joint determination 

of “the resilience outcome” and treatment or intervention is largely neglected in such papers.   

The paper is structured as follows. In the following section, we describe the dataset used in our 

sample, along with its sampling strategy, and relevant indicators. Then, we introduce the 

different methodologies used in the literature to measure resilience. In section 3 and 4, we 

present the empirical methodology and descriptive analysis to compare the resilience profiles 

of the households in our sample constructed using different methodologies. In section 5, we 

discuss our results, and highlight the lessons learned from our exercise for future resilience 

analysis. Section 6 concludes and highlights the policy implications. 

2. Measuring resilience  

2.1 The PASIDP project 

The PASIDP project is a small-scale irrigation development project jointly implemented by the 

Government of Ethiopia (GoE) and the International Fund for Agricultural Development 

(IFAD). Between 2008 and 2015, the project developed 121 small-scale irrigation 

infrastructure systems, which includes both building of new schemes and rehabilitation of 

existing schemes. The irrigation schemes developed by the project covers more than 12,000 

hectares of arable land, and benefitted at least 62,000 households in Amhara, Oromia, SNNPR, 



and Tigray.1 The project targeted kebeles (sub-districts) food-deficit, drought-prone woredas 

(districts) in these four regions. These four regions of Ethiopia exhibit differential agro-

ecological zones, which translate to substantial variations in agricultural systems, weather 

patterns, political governance, and development challenges.  

Apart from developing the irrigation schemes, the project also assisted the formation of water 

user associations (WUAs). WUAs are locally-governed and legally-registered organizations 

of water users which elect their own leaders and committee members to plan, manage, operate, 

and repair the irrigation schemes within the communities supported by the project. WUA 

members contribute a small fee and labor resources to the activities of WUAs. The project also 

offered capacity building and training activities related to agricultural production to the 

households residing in the beneficiary communities.  

2.2 Data 

The dataset used in our study comes from a household survey containing 1,033 households in 

104 kebeles (260 households in Amhara, 259 households in Oromia, 254 households in 

SNNPR, and 260 households in Tigray).  Of the full sample 1,033 households, 517 households 

belong to the PASIDP-supported areas (treatment group), and 516 households come from the 

areas without the project support (comparison group). The novel high-frequency dataset 

consists of a baseline survey collected in November 2016, and three follow-up surveys 

conducted every three months until November 2017. 

Our sampling strategy follows a three-stage random sampling stratified by region, by agro-

ecological zone, and historical precipitation levels. We randomly select the treatment kebeles 

from a full list of kebeles with functional PASIDP-supported irrigation schemes in each region. 

To construct the counterfactual group for the households in the selected treatment kebeles, non-

project kebeles with similar crop coverage and rainfall levels are selected within the same 

woreda. We validate the candidate comparison kebeles with local project staff to validate the 

appropriateness of the comparison kebeles. It is important that treatment and comparison 

households are located in different kebeles with considerable distance between them. Thus, 

project spillovers across kebeles are unlikely. 

 

                                                           
1 Southern Nations, Nationalities, and Peoples' Region, Ethiopia 



2.3 Method 1: Resilience Index Measurement and Analysis (RIMA)  

The methodology to construct the resilience measure following the RIMA model builds on 

FAO's resilience framework. Under this framework, resilience serves as an explanatory 

variable for the household's outcome of interest (usually welfare or food security outcomes) 

after controlling for the household's exposure to shocks (FAO, 2013). Further under this 

framework, resilience is treated as a latent variable, and thus cannot be directly observed. The 

RIMA model estimates the resilience index as a multidimensional index consisting of four 

pillars of resilience namely access to basic services, asset ownership, access to social safety 

nets, and sensitivity (FAO, 2013), with each pillar consisting of a number of indicators that 

may help explain resilience in that pillar. 

Mathematically, the RIMA model computes the resilience index as a function of the given 

attributes as follows: 

 𝑅𝑅𝑖𝑖 = 𝑓𝑓(𝐴𝐴𝐴𝐴𝐴𝐴𝑖𝑖,𝐴𝐴𝐴𝐴𝐴𝐴𝑖𝑖, 𝑆𝑆𝑆𝑆𝑆𝑆𝑖𝑖,𝐴𝐴𝐴𝐴𝑖𝑖, 𝑆𝑆𝑖𝑖), (1) 

where 𝑅𝑅𝑖𝑖 represents the resilience index of household 𝑖𝑖, 𝐴𝐴𝐴𝐴𝐴𝐴𝑖𝑖 is household 𝑖𝑖's  access to basic 

services (e.g. school, markets, hospital or health clinic, toilet, water, and electricity) , 𝐴𝐴𝐴𝐴𝐴𝐴𝑖𝑖 is 

household 𝑖𝑖's  asset ownership (durable, productive, and livestock assets), 𝑆𝑆𝑆𝑆𝑆𝑆𝑖𝑖 is household 

𝑖𝑖's access to social safety net programs (e.g. assistance from government, NGOs, international 

organizations, charities, and social support from friends and relatives), 𝐴𝐴𝐴𝐴𝑖𝑖 is household 𝑖𝑖's  

adaptive capacity (e.g. earning household income from more sources may help decrease the 

impact from negative shocks), and 𝑆𝑆𝑖𝑖 is household 𝑖𝑖's sensitivity level (degree to which 

household 𝑖𝑖 has been affected by the shock, both recent and past experiences). 

The approach to estimate the resilience index in the RIMA model adopts the factor analysis 

approach by using the measurement procedure of the structural equation model (SEM). For the 

factor analysis estimation approach used in the RIMA model, we assume that the residual terms 

in the SEM model (the portion of the dependent variable not explained by the explanatory 

variables in the model) are not correlated with each other. 

2.4 Method 2: Resilience Index Measurement and Analysis – II (RIMA II)  

Following the RIMA model, the RIMA II model is developed mainly to address the 

shortcomings of the RIMA model. A major improvement of the RIMA II model over the RIMA 

model is the adoption of the regression-based analysis in the estimation procedure of the 



resilience index. Including the regression-based analysis in the estimation model allows causal 

inferences, which lets one analyse the effect of a household's increase or decrease in resilience 

measure on welfare or food security outcomes. Another improvement of the RIMA II model is 

that it estimates the resilience index as part of a simultaneous equation system estimation which 

estimates the resilience index from four pillars of resilience in the first stage, and then uses the 

fitted value of the resilience index obtained from the first stage as an explanatory variable to 

estimate the welfare or food security outcome of interest. 

Similar, to the RIMA model, the mathematical expression to construct the resilience index in 

the first stage is given as follows: 

 𝑅𝑅𝚤𝚤� = 𝑓𝑓(𝐴𝐴𝐴𝐴𝐴𝐴𝑖𝑖,𝐴𝐴𝐴𝐴𝐴𝐴𝑖𝑖, 𝑆𝑆𝑆𝑆𝑆𝑆𝑖𝑖,𝐴𝐴𝐴𝐴𝑖𝑖 , 𝑆𝑆𝑖𝑖), (2) 

where 𝑅𝑅𝚤𝚤� is the estimated resilience index, and the other components remain the same as 

specified in Equation (1). 

Then, in the second stage, the welfare or food security outcome of interested is estimated as a 

function of the estimated resilience index according to the SEM approach as follows:  

 𝑌𝑌𝑖𝑖 = 𝑓𝑓(𝑅𝑅𝚤𝚤� ), (3) 

where 𝑌𝑌𝑖𝑖 is the welfare indicator of interest (e.g. per capita household income or expenditure), 

or the food security indicator of interest (e.g. dietary diversity score or caloric intake). 

2.5 Method 3: Polychoric Factor Analysis (PFA) to combine sub-indices 

Another approach to calculate the resilience index is the use of PFA to combine sub-indices of 

resilience to come up with a single resilience index. PFA is a data reduction approach to reduce 

the multidimensionality of the indicators that explain resilience. Technically, the PFA approach 

generates the weights for each sub-index in the calculation of the resilience index from the first 

principal component. The first principal component is an eigenvector of 𝑛𝑛 𝑥𝑥 𝑛𝑛 dimension 

(where 𝑛𝑛 is the number of variables of interest used to generate weights) containing the most 

common information across all indicators, which can be expressed as a linear combination of 

the indicators with the highest variances.  

Frankenburger (2015) develops a methodology to measure resilience by combining sub-indices 

which reflect three critical capacities for building long-term resilience: absorptive, adaptive, 

and transformative capacities. This methodology is developed as part of the impact assessment 



of the PRIME project funded by the United States Agency for International Development 

(USAID) in two zones (administrative units larger than a woreda, but smaller than a region) in 

Oromia and Somali regions of Ethiopia. Absorptive capacity is the capacity to minimize and 

withstand the effects of negative shocks, and to able to recover from them quickly (Cutter et 

al. 2008). Adaptive capacity refers to the ability to make the necessary arrangements for 

alternative income-generating opportunities given the changing environment (Béné et al. 

2012). Transformative capacity is associated with the building and strengthening of formal and 

social support mechanisms, infrastructures, and social safety nets to prevent households and 

communities from the impact of future shocks (Béné et al. 2012). While thee three capacities 

consists of a set of indicators most relevant to each of them, it is important that these three 

capacities are not mutually exclusive, and in several contexts may concurrently exist. The list 

of indicators belonging to each critical capacity can be found in great detail in Frankenburger 

(2015). 

2.6 Method 4: Moment-based development resilience estimation 

The seminal work by Barrett and Constas (2014) who develop a theory for estimating 

development resilience draws upon concepts and empirical methodologies from existing 

studies on poverty dynamics and traps, vulnerability, and ecological resilience to conceptualize 

resilience in the development context. They provide the moment-based definition of 

development resilience as “the capacity over time of a person, household or other aggregate 

unit to avoid poverty in the face of various stressors and in the wake of myriad shocks. If and 

only if that capacity is and remains high over time, then the unit is resilient.” This moment-

based definition of development resilience is attractive for two reasons. First, it estimates the 

likelihood of a household or a community meeting the normative threshold of welfare or food 

security indicators of interest (the first moment, or the conditional mean). The mathematical 

expression to represent welfare or food security at time 𝑡𝑡 for household 𝑖𝑖 is a polynomial 

function as proposed by Cissé and Barrett (2016), and is given as follows: 

 𝑊𝑊𝑖𝑖𝑖𝑖 = 𝑔𝑔𝑀𝑀�𝑊𝑊𝑖𝑖,𝑡𝑡−1,𝑿𝑿𝒊𝒊𝒊𝒊,𝛽𝛽𝑀𝑀� + 𝑢𝑢𝑀𝑀𝑀𝑀𝑀𝑀, (4) 

where 𝑊𝑊𝑖𝑖,𝑡𝑡−1is the lagged welfare or food security outcome from the previous time period, and 

𝑿𝑿𝒊𝒊𝒊𝒊 is a vector containing household-level observed characteristics, shock indicators, and 

treatment status (in the context of an impact assessment). The corresponding first moment (the 

conditional mean 𝜇𝜇1𝑖𝑖𝑖𝑖) is given as follows: 



 𝜇̂𝜇1𝑖𝑖𝑖𝑖 = 𝐸𝐸�𝑊𝑊𝑖𝑖𝑖𝑖�𝑊𝑊𝑖𝑖,𝑡𝑡−1,𝑿𝑿𝒊𝒊𝒊𝒊� = 𝑔𝑔𝑀𝑀�𝑊𝑊𝑖𝑖,𝑡𝑡−1,𝑿𝑿𝒊𝒊𝒊𝒊, 𝛽̂𝛽𝑀𝑀�, (5) 

where 𝐸𝐸 is the expected value operator, and the expected value of the error term 𝑢𝑢𝑀𝑀𝑀𝑀𝑀𝑀 is zero,  

𝐸𝐸[𝑢𝑢𝑀𝑀𝑀𝑀𝑀𝑀] = 0. 

In the second step, the approach to estimate development resilience proposed by Cissé and 

Barrett (2016) allows researchers to explore the changes in the dispersion of welfare or food 

security outcomes (the second moment, or the conditional variance). Taking the residuals from 

the regression estimation of Equation (1) and square them, the conditional variance 𝜇𝜇2𝑖𝑖𝑖𝑖 of the 

welfare or food security outcome of interest is given as follows: 

 𝜇̂𝜇2𝑖𝑖𝑖𝑖 = 𝐸𝐸[𝑢𝑢𝑀𝑀𝑀𝑀𝑀𝑀2 ] = 𝜎𝜎�𝑖𝑖𝑖𝑖2 , where 𝜎𝜎𝑖𝑖𝑖𝑖2 = 𝑔𝑔𝑉𝑉�𝑊𝑊𝑖𝑖,𝑡𝑡−1,𝑿𝑿𝒊𝒊𝒊𝒊,𝛽𝛽𝑉𝑉� + 𝑢𝑢𝑉𝑉𝑉𝑉𝑉𝑉 and 𝐸𝐸[𝑢𝑢𝑉𝑉𝑉𝑉𝑉𝑉] = 0. (6) 

Further, the authors estimate development resilience (𝜌𝜌𝑖𝑖𝑖𝑖) as the probability that the welfare or 

food security level of household 𝑖𝑖 in a future time period 𝑡𝑡 lies above a normative threshold 𝑊𝑊. 

Then, one can estimate household 𝑖𝑖's development resilience by estimating the conditional 

probability of household 𝑖𝑖 having the welfare or food security level higher than the normative 

threshold 𝑊𝑊 as a function of the conditional mean (𝜇𝜇1𝑖𝑖𝑖𝑖) and the conditional variance (𝜇𝜇2𝑖𝑖𝑖𝑖) of 

the corresponding welfare or food security indicator of interest as follows: 

 𝜌𝜌𝑖𝑖𝑖𝑖 = 𝑃𝑃�𝑊𝑊𝑖𝑖𝑖𝑖 ≥ 𝑊𝑊�𝑊𝑊𝑖𝑖,𝑡𝑡−1,𝑿𝑿𝒊𝒊𝒊𝒊� = 𝐹𝐹�𝑊𝑊𝑖𝑖𝑖𝑖 �𝑊𝑊; 𝜇̂𝜇1𝑖𝑖𝑖𝑖(𝑊𝑊𝑖𝑖𝑖𝑖,𝑿𝑿𝒊𝒊𝒊𝒊), 𝜇̂𝜇2𝑖𝑖𝑖𝑖(𝑊𝑊𝑖𝑖𝑖𝑖,𝑿𝑿𝒊𝒊𝒊𝒊)�, (7) 

where 𝐹𝐹�𝑊𝑊𝑖𝑖𝑖𝑖is the joint cumulative distribution function the conditional mean (𝜇𝜇1𝑖𝑖𝑖𝑖) and the 

conditional variance (𝜇𝜇2𝑖𝑖𝑖𝑖) of the corresponding welfare or food security indicator of interest. 

And finally, as discussed by Cissé and Barrett (2016), one can estimate the impact of exogenous 

characteristics of 𝑿𝑿 on development resilience. Within an impact assessment context, this is 

the estimation of the impact of a project's impact on development resilience. Specifically, we 

estimate the following equation: 

 𝜌𝜌𝑖𝑖𝑖𝑖 = 𝑃𝑃�𝑊𝑊𝑖𝑖,𝑡𝑡−1,𝑿𝑿𝒊𝒊𝒊𝒊,𝑇𝑇𝑖𝑖𝑖𝑖� + 𝑢𝑢𝜌𝜌𝜌𝜌𝜌𝜌, (8) 

where 𝑇𝑇𝑖𝑖𝑖𝑖 represents the treatment status of household 𝑖𝑖 in period 𝑡𝑡. The project impact is the 

difference in the conditional means of development resilience of treatment and control groups 

during the time period 𝑡𝑡, as shown below: 



 𝜕𝜕𝜌𝜌�𝑖𝑖𝑖𝑖
𝜕𝜕𝑇𝑇𝑖𝑖𝑖𝑖

= 𝐸𝐸�𝜌𝜌�𝑖𝑖𝑖𝑖�𝑊𝑊𝑖𝑖,𝑡𝑡−1,𝑿𝑿𝒊𝒊𝒊𝒊,𝑇𝑇𝑖𝑖𝑖𝑖 = 1� − 𝐸𝐸�𝜌𝜌�𝑖𝑖𝑖𝑖�𝑊𝑊𝑖𝑖,𝑡𝑡−1,𝑿𝑿𝒊𝒊𝒊𝒊,𝑇𝑇𝑖𝑖𝑖𝑖 = 0�. 
(9) 

Cissé and Barrett (2016) advance this conceptualization to develop an empirical methodology 

to estimate development resilience using a multiple-period panel dataset collected from 

pastoralist communities in Kenya. This methodology computes a resilience score for each 

household in the sample, and a household is considered to be development resilient in a time 

period if the household's well-being indicator of interest is greater than a defined level of 

threshold during that time period. Specifically, since development resilience is a probabilistic 

measure, a household is defined resilient if it has at least an 80% probability of reaching the 

wellbeing threshold W (Cisse and Barrett, 2016). Two recent empirical applications of this 

estimation approach are by Upton et al. (2016) to study dietary diversity outcomes of 

pastoralists in Kenya who set the threshold at 0.25, and by Phadera et al. (2017) who set the 

threshold at 0.5, to investigate impact of a livestock transfer project on household consumption 

levels in Zambia. The arbitrariness of the threshold is apparent.  

3. Empirical methodology: Impact estimation  

Different estimators and approaches were employed contingent on the various resilience 

metrics to estimate the impact of the project on resilience.  

First it is important to stress the specific data structure. It is a high frequency data collection 

which involved four rounds of data collection, which actually capture the seasonality of both 

shocks and outcomes.  

In order to first observe the evolution of treatment effects over the four rounds, cross-

sectional regressions were estimated. Recall that a treatment effect is the change in an 

outcome caused by an individual getting the treatment instead of another.  

It is important to recall the basic quantities of interest. A potential outcome model specifies 

the potential outcomes that each individual would obtain under each treatment level, the 

treatment assignment process and the dependence of the potential outcomes on the treatment 

assignment process. When the potential outcomes do not depend on the treatment levels, 

after conditioning on covariates, regression estimators, inverse-probability-weighted 



estimators and matching estimators are commonly used. The term potential outcome model 

is equivalent to the Rubin causal model and the counterfactual model.2 

Three parameters are often used to measure treatment effects: the average treatment effect 

(ATE), the average treatment effect on the treated (ATET), and the potential outcome means 

(POMs).  

The ATE is the average effect of the treatment in the population: 

𝐴𝐴𝐴𝐴𝐴𝐴 =  𝐸𝐸(𝑦𝑦1 −  𝑦𝑦0). 

The POM for treatment level t is the average potential outcome for that treatment level: 

𝑃𝑃𝑃𝑃𝑃𝑃𝑡𝑡  =  𝐸𝐸(𝑦𝑦𝑡𝑡). 

The ATET is the average treatment effect among those that receive the treatment: 

𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴 =  𝐸𝐸(𝑦𝑦1 −  𝑦𝑦0|𝑇𝑇 = 1). 

The potential outcome model is crucial to the discussion: this model generates data in which 

𝑦𝑦𝑖𝑖 is the observed outcome variable, 𝑡𝑡𝑖𝑖 is the treatment variable, 𝑥𝑥𝑖𝑖 is a vector of covariates 

that affect the outcome, and 𝑤𝑤𝑖𝑖 is a vector of covariates that affect treatment assignment. 𝑥𝑥𝑖𝑖 

and 𝑤𝑤𝑖𝑖 can have variables in common. 

Therefore, this potential outcome model specifies the observed outcome 𝑦𝑦 as 𝑦𝑦0 when 

treatment is equal to zero, 𝑇𝑇 = 0 and 𝑦𝑦 as 𝑦𝑦1 when treatment is equal to one ( 𝑇𝑇 = 1). 

Analytically: 

𝑦𝑦 = (1 − 𝑇𝑇)𝑦𝑦0 + 𝑇𝑇𝑦𝑦1. 

Note that the functional forms for 𝑦𝑦0 and 𝑦𝑦1 are: 

𝑦𝑦0=𝑋𝑋′𝛽𝛽0 + 𝜖𝜖0, 

𝑦𝑦1=𝑋𝑋′𝛽𝛽1 + 𝜖𝜖1, 

where 𝛽𝛽0 and 𝛽𝛽1 are the coefficients to be estimated, and 𝜖𝜖0 and 𝜖𝜖1 are the error terms that 

are not related to 𝑥𝑥 or 𝑤𝑤.  

                                                           
2 See Rubin (1974); Holland (1986); Robins (1986); Heckman (1997); Heckman and Navarro-Lozano (2004); 
Imbens (2004); Cameron and Trivedi (2005); Imbens and Wooldridge (2009); and Wooldridge (2010) for more 
detailed discussions. 



Therefore, the potential outcome model divides each potential outcome into a predictable 

component 𝑋𝑋𝛽𝛽𝑡𝑡 and an unobservable error term 𝜖𝜖𝑡𝑡.  

The treatment assignment process can be specified as follows:  

𝑡𝑡 = �1, if W′γ + η > 0
0,      otherwise , 

where 𝛾𝛾 is the vector of coefficients, and 𝜂𝜂 is an unobservable error that is not related to 𝑥𝑥 

or 𝑤𝑤. Once again, the treatment assignment process is divided into a predictable term 𝑊𝑊𝑊𝑊 and 

an unobservable error term 𝜂𝜂.  

The potential outcome model is specified through the functional forms of the potential 

outcomes and the treatment assignment process. The linear functional form is presented in 

the example above, but other functional forms can also be used, depending on the nature of 

the outcome variable. In the remainder of this section, the set of functional forms for the 

potential outcomes is referred to as the outcome model, and the treatment assignment process 

is referred to as the treatment model.  

Three key assumptions underpin the different treatment effect estimators that we employ in 

this study,  namely: (1) the conditional independence (CI) assumption, which restricts the 

dependence between the treatment model and the potential outcomes given the covariates; 

(2) the overlap assumption, which ensures that each individual could receive any treatment 

level; and (3) the independent and identically distributed (i.i.d.) sampling assumption, which 

ensures that the potential outcomes and the treatment status of each individual are unrelated 

to the potential outcomes and treatment statuses of all other individuals in the population. 

This third assumption is what is known as SUTVA, the stable unit treatment value 

assumption (Imbens and Woolridge 2009; Woolridge 2010). Note that these assumptions 

may vary across estimators. The SUTVA assumption states that the observed differences in 

outcomes between treatment and control units only depend on one’s own treatment status, 

and not the treatment status of the other units. 

The following five econometric methods are used to provide correct inference for causal 

parameters, for each round of the study specifically: (1) regression-adjustment (RA); (2) 



propensity score matching (PSM); (3) covariate matching (NN or NNM);3 (4) inverse-

probability weighting (IPW); and (5) the doubly robust estimator (IPWRA).  

In addition, given the particular data structure, a high frequency dataset with four rounds of 

data, which is effectively panel data, an adaptation of the standard empirical growth model 

is used to estimate the impact of irrigation on resilience overtime (Dercon et al. 2012). 

Dercon et al. (2012) note that while the standard growth model (Temple 1999) does not 

account for transitory shocks (for example, changes in rainfall levels), previous studies using 

a panel dataset of Ethiopian household survey observed significant impacts of transitory 

shocks on household consumption levels (Dercon 2004, Dercon et al. 2005). According to 

this specification, one estimates the changes in outcomes from the first period, controlling 

for the initial conditions. This specification can be expressed as follows: 

∆𝑦𝑦𝑖𝑖𝑖𝑖 = 𝛽𝛽0 + 𝛽𝛽1𝐼𝐼𝑖𝑖 + 𝛽𝛽2∆𝑆𝑆𝑖𝑖𝑖𝑖 + 𝛽𝛽3𝐼𝐼𝑖𝑖∆𝑆𝑆𝑖𝑖𝑖𝑖+𝛽𝛽4𝑦𝑦𝑖𝑖,𝑡𝑡−1+𝛽𝛽5𝑦𝑦𝑖𝑖1 +𝛽𝛽6𝑋𝑋𝑖𝑖1 + 𝑇𝑇𝑡𝑡 + 𝜀𝜀𝑖𝑖𝑖𝑖, 

where ∆𝑦𝑦𝑖𝑖𝑖𝑖 = 𝑦𝑦𝑖𝑖𝑖𝑖 − 𝑦𝑦𝑖𝑖1 is the change in outcome of interest overtime from the baseline 

round, 𝐼𝐼𝑖𝑖  is the treatment status, ∆𝑆𝑆𝑖𝑖𝑖𝑖 = 𝑆𝑆𝑖𝑖𝑖𝑖 − 𝑆𝑆𝑖𝑖1 is the change in the prevalence of shocks 

over time from the first round, 𝑦𝑦𝑖𝑖,𝑡𝑡−1 is the outcome of interest from the previous time period 

(first-ordered lag), 𝑋𝑋𝑖𝑖1 is the household characteristics at the baseline round (initial 

conditions), 𝑇𝑇𝑡𝑡 is the time dummy variable, and 𝜀𝜀𝑖𝑖𝑖𝑖 is the error term. The growth model is 

fitted through the Arellano-Bond (1991) and Arellano-Bover (1995)/Blundell-Bond (1998) 

Dynamic Panel data estimators. Two specifications are explored – a first one that doesn’t 

include interactions and more saturated one. The covariates used in the model are age, 

gender, education level and marital status of the household head, number of adult members, 

dependency ratio and the size of land owned by the household.  

The Arellano-Bond (1991) and Arellano-Bover (1995)/Blundell-Bond (1998) estimators, 

also known as difference and system GMM (generalized method of moments), have gained 

increased recognition in the econometric literature (Bond, 2002, Roodman, 2005) recently. 

Both are designed for cases in which 𝑇𝑇 (time) is at least equal to 3 and the number of 

observations is large (small 𝑇𝑇 and large 𝑁𝑁). They are particularly recommended when there 

is a dynamic panel bias, when there are no good excluded instruments at hand, when other 

regressors are potentially endogenous in the model of interest and when there is the presence 

of heteroscedasticity and auto-correlation within households and not across them.  

                                                           
3 Both (2) and (3) are matching estimators. 



The difference GMM estimator was first proposed by Holtz-Eakin, Newey and Rosen 

(1988). The idea behind is to first-difference the data and then apply the generalized method 

of moments. Instead of using exogenous instruments, lagged levels of any endogenous 

repressors are added. This makes the endogenous variables predetermined and, therefore, not 

correlated with the error term in the equation.  

The system GMM estimator was first suggested by Arellano and Bover in 1995 and further 

developed by Blundell and Bond in 1998. The estimator exploits further moment conditions 

and essentially fits a system of equations for each period, one in differences and one in levels, 

allowing for the instruments to change. The introduction of more instruments, improves 

efficiency.  The equation in differences is instrumented with levels and the level equation is 

instrumented with the differences. It makes the additional assumption that the first 

differences of the instruments are uncorrelated with the fixed effects. System GMM is 

estimated in levels to be able to retain time invariant variables such as the treatment variable. 

To ensure that the households in the treatment and the control groups are statistically 

comparable, matching estimators are employed first to obtain comparable groups and control 

for any selection on observable characteristics using the observations using data from the 

first round. This matched sample is used to set the sample for all analyses. 

4. Descriptive analysis 

4.1 Matching to improve counterfactual 

Table 4.1 presents the descriptive statistics of the survey sample, where average characteristics 

of the treatment and control groups are presented to illustrate their statistical comparability. 

Note that average characteristics are quite balanced across the two groups – indicating that 

there are no systematic differences and therefore that the control represents a valid 

counterfactual. Minor differences are observed before matching for variables such as education 

of household head (with the control slightly more educated then the treatment group); and for 

recalled assets such as number of livestock (e.g. oxen and donkeys) – where the treatment 

group seems to have a higher average number of animals 12 months ago. Note that the sample 

reduced from 7704 to 731 after matching on a number of covariates, notably the ones presented 

in Table 4.1. 

 

                                                           
4 Note that around 25% of the initial 1,033 households were lost due to attrition and treatment contamination. 



Table 4.1: Summary statistics before, after matching and bias reduction 

 
 

Before matching After matching Reductio
n 

in Bias 
(%) 

Treat. 
Mean/SE 

Control 
Mean/SE p-value Bias Treat. 

Mean/SE 
Control 

Mean/SE 
p-

value Bias 

Male head 0.92 0.89 0.138 9.26 0.93 0.927 0.94 0.55 94.02 

0.01 0.02   0.01 0.014    

Age of head 
44.28 45.26 0.280 3.40 44.20 44.256 0.95 0.45 86.89 

0.60 0.70   0.60 0.662    

Education of head (1= 
Elementary) 
 

0.44 0.51 0.072* 12.41 0.44 0.433 0.78 2.25 81.83 

0.02 0.03   0.02 0.027    

Education of head 
(1=Secondary) 

0.07 0.04 0.043** 10.74 0.06 0.057 0.90 1.22 88.66 

0.01 0.01   0.01 0.013   . 
Number of adult HH 
members 
 

6.01 5.67 0.053* 8.88 5.98 6.040 0.77 2.49 71.95 

 0.12 0.13   0.12 0.139    
Dependency ratio 
 1.35 1.33 0.738 3.88 1.35 1.305 0.57 4.52 -16.43 

 0.05 0.05   0.05 0.054    
Marital status of head 
(1=married) 0.92 0.89 0.141 8.16 0.93 0.926 0.91 0.86 89.52 

 0.01 0.02   0.01 0.015    

Altitude 1859 1830 0.452 5.03 1857 1875 0.66 3.39 32.63 

 23.88 30.68   24.42 28.836    

Total land owned 2.09 1.93 0.337 5.13 2.08 2.082 0.99 0.11 97.95 

 0.12 0.12   0.12 0.123    

Improved wall 0.05 0.07 0.261 6.21 0.05 0.058 0.65 3.58 42.44 

 0.01 0.01   0.01 0.013    

Improved floor 0.05 0.05 0.925 0.67 0.05 0.046 0.96 0.39 42.44 

 0.01 0.01   0.01 0.012    

Modern kitchen 0.87 0.88 0.536 1.21 0.87 0.866 0.85 1.54 -27.41 

 0.02 0.02   0.02 0.019    

Number of rooms 2.22 2.16 0.374 2.86 2.22 2.259 0.60 4.43 -55.23 

 0.04 0.05   0.04 0.054    

Toilet 0.82 0.85 0.305 5.37 0.82 0.804 0.59 4.74 11.70 

 0.02 0.02   0.02 0.022    

Improved oven 0.06 0.06 0.712 5.09 0.05 0.050 0.91 0.82 83.92 

 0.01 0.01   0.01 0.012    

Improved waste 0.11 0.08 0.232 6.95 0.11 0.111 0.96 0.45 93.55 

 0.02 0.01   0.02 0.017    
Number of oxen (12 
months ago) 1.25 0.96 0.003*** 13.56 1.16 1.211 0.70 3.83 71.74 

 0.07 0.07   0.06 0.079    
Number of donkeys 
(12 months ago) 0.50 0.33 0.002*** 14.60 0.45 0.463 0.79 2.46 83.14 

 0.04 0.03   0.04 0.038    
Radio 0.39 0.31 0.058* 9.89 0.37 0.377 0.92 0.90 90.93 
 0.03 0.03   0.03 0.030    
Incidence of all shocks 
experienced in the past 
five years 

1.85 1.80 0.637 1.10 1.85 1.875 0.87 1.32 -20.03 

 0.08 0.09   0.08 0.092    
Drought index 
(SPEI<=-1) 0.84 0.80 0.215 2.53 0.84 0.847 0.76 2.36 7.00 

 0.02 0.02   0.02 0.020    
No. of observations 422 348   403 328    
Note: *, **, & *** represent statistical significance at the 10%, 5%, & 1% level respectively. 



Figure 4.1 below illustrates the kernel densities of the propensity scores of households in 

treatment and comparison groups. The kernel densities indicate that there exist considerable 

overlap and common support of the propensity scores in both groups, which help confirm that 

PSM helps improve the validity of the counterfactual.  

Figure 4.1: Kernel densities of the propensity scores 

                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                              

4.2 Descriptive analyses  

In this section, we present the descriptive statistics that displays the different resilience indices 

constructed over the different rounds. We first analyze resilience distributions across all 

rounds, and then we produce cross tabulations to examine the extent to which households are 

classified as resilient in both treatment and control groups.  

Figure 3 to 6 show the distribution of resilience indices according to RIMA I, RIMA II and 

PRIME indicators. It can be seen from these figures that resilience dropped between round 2 

and 3 and then increased again in the fourth round consistently across the indices. Also 

consistent across the different resilience measures, the distribution of resilience index for the 

treatment and control households appears to follow a similar trend across the rounds as can be 

seen in figure 4.3, 4.5 and 4.7.  

 
 
 



Figure 4.2: Distribution of resilience using RIMA I 

 

 
 

Figure 4.3: Distribution of resilience using RIMA I: treatment and control 

 

 



Figure 4.4: Distribution of resilience using RIMA II 

 

 

 

Figure 4.5: Distribution of resilience using RIMA II: treatment and control 

 

 



Figure 4.6: Distribution of resilience using PRIME 

 

 

 

Figure 4.7: Distribution of resilience using PRIME: treatment and control 

 

 



Figure 4.8: Distribution of resilience using RIMA I and RIMA II 

 

Figure 4.9 to 4.12 presented below plot the distribution of per capita expenditure and household 
dietary diversity score used in estimating the development resilience measures. It can be seen 
from these distributions that both households’ per capita expenditure and dietary diversity score 
increase over the four rounds of data.  

Figure 4.9: Distribution of per capita household expenditure (seven days) 

 



Figure 4.10: Distribution of per capita household expenditure: treatment and control 

 

 
 
Figure 4.11: Distribution of household dietary diversity score 

 

 

 



Figure 4.12: Distribution of household dietary diversity score: treatment and control 

 

Table 4.2 presents the prevalence of resilience according to the different resilience indicators. 

The baseline average of each resilience index was used as a threshold to construct the resilience 

indicators. In line with the figures, the table on the prevalence of resilience according to the 

RIMA I, RIMA II and PRIME indicators show that resilience dropped between round 2 and 3 

and then increased again in the fourth round (see table 4.2). However, the prevalence of 

resilience slightly decreases over the four rounds according to the development resilience 

measures constructed using the moment-based estimation on per capita expenditure and 

household dietary diversity. 

 Resilience Indices 

 RIMA I RIMA II PRIME 
Development 

resilience 
(PCE) 

Development 
resilience 
(HDDS) 

 No Yes No Yes No Yes No Yes No Yes 

Meher 1 51.96 48.04 51.96 48.04 44.0 56.0 49.49 50.51 45.57 54.43 

Dry 46.24 53.76 5.27 94.73 49.61 50.39 31.43 68.57 31.54 68.46 

Belg 51.07 48.93 25.93 74.07 61.95 38.05 29.52 70.48 23.79 76.21 



Meher 2 49.94 50.06 6.96 93.04 45.57 54.43 27.27 72.73 23.01 76.99 

Table 4.3 to 4.7 show the degree of overlap between the different resilience indicators across 

the four rounds. The figures show that the different resilience indices closely identify resilient 

households over the four rounds consistently, in particular RIMA I, RIMA II and development 

resilience indicators.  

Table 4.3: Overlap between RIMA I and RIMA II 
 RIMA II 

 No Yes 

RIMA I 
No 42.99 57.01 

Yes 2.24 97.76 

Table 4.4: Overlap between RIMA I and PRIME 
 PRIME 

 No Yes 

RIMA I 
No 65.58 34.42 

Yes 35.1 64.9 

 

Table 4.5: Overlap between RIMA II and PRIME 

 
Development 

Resilience 

 No Yes 

RIMA II 
No 69.24 30.76 

Yes 44.77 55.23 

Table 4.6: Overlap between RIMA I and development resilience (PCE) 

 
Development 

Resilience 

 No Yes 

RIMA I 
No 46.93 53.07 

Yes 22.02 77.98 



Table 4.7: Overlap between RIMA II and development resilience (PCE) 

 
Development 

Resilience 

 No Yes 

RIMA II 
No 60.65 39.35 

Yes 26.8 73.2 

 

5. Results 

In this section results are presented from the cross-sectional treatment effects estimators, 

notably IPWRA, IPW, NN, PSM and RA, across the various resilience metrics presented in 

the previous section. Results are reported across the seasons covered in each round of data 

collection, from Meher (rainy season) in the first round, to Dry in the second round, Belg 

(short rainy season) in the third round, and again, Meher in the fourth round. Note that 

IPWRA, the doubly robust estimator, is considered the one that is more robust and reliable 

from an econometric standpoint, hence it can be considered the preferred estimator for results 

reporting. 

The results presented in table 5.1 below are less intuitive and a function of the underlying 

methodology for the resilience metric. Results are largely significant in the case of the 

PRIME-based composite indicator where the results are consistently positive across the 

various rounds, and the coefficients are particularly high for the dry season. The latter finding 

is intuitive and implies that the benefits of irrigation should be at their maximum during the 

dry season and that treatment does strengthen resilience status.  

Relative to other metrics, notably the RIMA I and the RIMA II, a positive result was also 

found in the dry season (however only under the NN estimator). Relative to food security-

based development resilience, results are different – and imply the households are more 

resilient in terms of food security in the second Meyer season – e.g. at the last round of the 

survey. Asset based development resilience is instead not significant – and this warrants 

further analysis.  Note that this metrics are very different and further work is needed to 

unpack the metrics – to analyse the single components that compose the single resilience 

construct. 

 



Table 5.1: Results on resilience indicators based on treatment effects estimation 

Resilience indicators by season 
(1) (2) (3) (4) (5) (6) 

IPWRA IPW NN PSM RA Control 
mean 

RIMA I 

Meher 1 -0.0458 -0.0306 0.0211 -0.0105 -0.00902 0.476 
(0.0346) (0.0344) (0.0468) (0.0377) (0.0368)  

Dry 
0.0341 0.0424 0.109** 0.0428 0.0779** 0.442 

(0.0331) (0.0323) (0.0455) (0.0319) (0.0359)  

Belg -0.0389 -0.0354 -0.0360 0.00496 -0.0257 0.628 
(0.0343) (0.0349) (0.0461) (0.0368) (0.0362)  

Meher 2 -0.0119 -0.00577 -0.0161 -0.00806 -0.00722 0.500 
(0.0347) (0.0346) (0.0488) (0.0323) (0.0352)  

RIMA II 

Meher 1 -0.00212 0.000956 0.0513 0.0298 0.0485 0.454 
(0.0329) (0.0316) (0.0483) (0.0335) (0.0372)  

Dry 0.00989 0.0323 0.124*** 0.0354 0.0452 0.213 
(0.0326) (0.0305) (0.0328) (0.0301) (0.0318)  

Belg -0.0122 -0.0125 0.0199 -0.00310 -0.00109 0.0854 
(0.0209) (0.0214) (0.0196) (0.0195) (0.0193)  

Meher 2 -0.00856 -0.0160 0.0397 -0.0205 -0.00351 0.168 
(0.0243) (0.0265) (0.0294) (0.0274) (0.0264)  

PRIME 

Meher 1 0.0998*** 0.0989*** 0.0695 0.146*** 0.134*** 0.518 
(0.0348) (0.0335) (0.0505) (0.0379) (0.0379)  

Dry 
0.191*** 0.203*** 0.186*** 0.191*** 0.195*** 0.174 
(0.0321) (0.0310) (0.0404) (0.0320) (0.0330)  

Belg 0.161*** 0.163*** 0.185*** 0.164*** 0.175*** 0.220 
(0.0335) (0.0333) (0.0394) (0.0350) (0.0336)  

Meher 2 0.0911*** 0.0837*** 0.145*** 0.0757*** 0.0994*** 0.162 
(0.0277) (0.0286) (0.0361) (0.0287) (0.0294)  

Development 
resilience 
(expenditure) 

Dry -0.0334 -0.0260 -0.0572 -0.0410 -0.0299 0.434 
(0.0384) (0.0370) (0.0504) (0.0402) (0.0381)  

Belg -0.0356 -0.0321 -0.0522 -0.00311 -0.0300 0.469 
(0.0380) (0.0383) (0.0474) (0.0414) (0.0377)  

Meher 2 -0.0454 -0.0205 -0.0500 -0.00310 -0.0279 0.479 
(0.0376) (0.0383) (0.0481) (0.0400) (0.0366)  

Development 
resilience (HDDS) 

Dry -0.0107 -0.00104 0.0174 -0.0180 -0.00863 0.446 
(0.0397) (0.0379) (0.0481) (0.0403) (0.0388)  

Belg -0.0435 -0.0474 -0.0697 -0.0852** -0.0527 0.408 
(0.0373) (0.0375) (0.0478) (0.0409) (0.0366)  

Meher 2 0.0973** 0.0945** 0.0529 0.0862** 0.0997** 0.466 
(0.0398) (0.0384) (0.0532) (0.0397) (0.0395)  

Development 
resilience (Assets) 

Meher 1 -0.00201 -0.00497 0.0174 -0.00682 -0.0422 0.680 
(0.0364) (0.0346) (0.0492) (0.0349) (0.0376)  

Dry -0.0172 -0.0209 -0.0563 -0.0100 -0.0405 0.505 
(0.0389) (0.0378) (0.0508) (0.0408) (0.0392)  

Belg -0.0258 -0.0271 -0.0401 -0.0407 -0.0451 0.652 
(0.0368) (0.0367) (0.0490) (0.0387) (0.0368)  

Meher 2 0.0309 0.0309 0.0174 0.0304 0.0169 0.512 
(0.0392) (0.0383) (0.0536) (0.0408) (0.0385)  

No. of observations 731 731 731 731 731 328 
Notes: 

1. Results are based on four rounds of high frequency data. 
2. *, **, & *** represent statistical significance at the 10%, 5%, & 1% level respectively. 

 

Next, assets growth is explored across the various rounds, and the extent to which resilience 

and treatment status have an impact on household’s assets growth trajectory over the seasons 

is assessed. To this end, estimates of the impact of the project on assets growth are presented 



in a dynamic framework based on the auto-regressive panel data estimator also known as the 

Blundell-Bover estimator or system GMM (Table 5.2). Here, the dynamic structure of the 

data is exploited (e.g an analysis which combines all rounds) and an asset-based growth 

model is estimated conditional on treatment, initial conditions and lagged assets, and other 

key covariates (age, gender, education level and marital status of the household head, number 

of adult members, dependency ratio and the size of land owned by the household). Two 

specifications are presented, model 1 with a more parsimonious specification and model 2 

with a richer set of covariates. The results show how the impact of treatment is remarkably 

positive, indicating that the effects of modern irrigation, contribute to positive asset growth 

over time. However, initial conditions (e.g. asset levels at the first round) negatively impact 

assets growth, indicating that the highest the level of assets at “baseline” the lower the growth 

over time. This possibly corroborates the idea that the richest present a slower growth, but 

still positive – as showed by the fact that asset growth is also positively related to households’ 

previous status.  

Looking at coefficient of interest, i.e. the interaction term between drought and treatment 

status which proxies for resilience, the latter is positive and statistically significant, 

suggesting that the intervention increased beneficiary household welfare despite the negative 

incidence of the drought shock, therefore contributing to their increased resilience.  

Last, the season dummies presented in model 1, highlight the fact that asset growth is 

negatively impacted by the variability of weather shocks across the seasons. Specifically, the 

negative effects of weather on asset growth are larger in the dry season.  The seasonal effects 

are collinear with the drought indicators in the second specification and the significance of 

the seasonal dummies fades away in the second specification.  

Table 5.2: Impact on assets growth based on system GMM estimation 

 (1) (2) 

 Basic asset growth 
model 

Asset growth model with shock 
and PASIDP beneficiary 

interaction term 
   
Lagged overall assets 0.41*** 0.41*** 
 (0.03) (0.03) 
Initial overall assets -0.63*** -0.45*** 
 (0.06) (0.05) 
PASIDP beneficiary status 0.22*** 0.175*** 
 (0.03) (0.03) 
Drought  -0.02 
  (0.0323) 
PASIDP beneficiary status * Drought  0.13*** 
  (0.04) 



Head age  0.012*** 
  (0.001) 
Head Gender  0.19*** 
  (0.05) 
Head education (1=Illiterate)  -0.16*** 
  (0.05) 
Head education (1=Primary)  0.30*** 
  (0.06) 

Head marital status  -0.08 
 

  (0.05) 
Number of adult members  0.08*** 
  (0.01) 
Dependency ratio  0.03*** 
  (0.01) 
HH owned land  0.001* 
  (0.00) 
Dry season (dummy) -0.27*** -0.16 
 (0.03) (0.03) 
Belg season (dummy) -0.078** -0.01 
 (0.03) (0.03) 
Rainy season (dummy) -0.14*** -0.09 
 (0.03) (0.03) 
Constant 1.84*** -0.09 
 (0.11) (0.08) 
Wald F statistic 183.54*** 114.49*** 
Sargan test 2.78 1.51 
AR (2) test 0.44 0.54 
   
No. of observation 2924 2924 

Notes: 
1. Results are based on four rounds of high frequency data and 12 month recalled asset prior to Meher 1. 
2. *, **, & *** represent statistical significance at the 10%, 5%, & 1% level respectively. 

 

Table 5.3 presents instead the same asset growth model but this time adding lagged resilience 

(resilience measured at the previous wave/round), using the PRIME indicators as a proxy for 

resilience. Note how asset growth is a function of past resilience status, conditional on 

treatment, and the shock in question (e.g. drought). This essentially mean that a unit increase 

in household resilience in the previous season generates a higher asset growth in the 

subsequent season.  Even under this specification, note how there is asset accumulation over 

the rounds (e.g. the higher the asset levels at the previous season, the higher the assets 

growth); asset growth increases also with a unit increase in past resilience status (e.g. if a 

household is resilient at the previous round – it is more likely to exhibit future asset growth); 

the treatment effect is positive and contributes to asset growth.  

 

 



Table 5.3: Impact of treatment controlling for resilience (PRIME) on asset growth, systems GMM 
estimation 

 
Asset growth model with lagged 

Resilience 

Lagged overall assets 0.532*** 

Lagged resilience (PRIME) 0.223*** 

PASIDP beneficiary status 0.064** 

Drought -0.047* 

Belg season (dummy) -0.055 

Rainy season (dummy) -0.108*** 

Constant 0.136 

Wald F statistic 91.88*** 

No. of observation 2193 

Note: 
1. .01 - ***; .05 - **; .1 - *; Standard errors not shown for sake of brevity. 
2. Drought indicator is a dummy variable based on reported drought shock. 
3. Initial conditions included, but not shown for the sake of brevity. 

In table 5.4, the same growth model is presented, this time modelling resilience gains as an 

outcome – as opposed to assets, using the same resilience index (the PRIME based index).  

This specification essentially looks at whether changes in resilience over time are positively 

affected by the treatment. This is indeed the case and the results point to the fact that the 

intervention, e.g. the PASIDP modern irrigation contributed to building resilience overtime 

– and this is path dependent, e.g. current resilience is a function of past resilience and 

increases over time, e.g. the more the household is resilient in the past seasons, the more 

likely to exhibit a higher resilience growth in the future, conditional on the negative impact 

of the drought.   

Table 5.4:  Impact of treatment on resilience gains (PRIME) based on systems GMM estimation 

 Resilience gains model 
(PRIME) 

Lagged resilience (PRIME) 0.103*** 
PASIDP beneficiary status 0.144*** 
Drought -0.049*** 
Belg season (dummy) 0.065*** 
Rainy season (dummy) 0.109*** 
Constant -0.029 



Wald F statistic 17.37*** 
No. of observation 2193 

Note: 
1. .01 - ***; .05 - **; .1 - *; Standard errors not shown for sake of brevity. 
2. Drought indicator is a dummy variable based on reported drought shock. 
3. Initial conditions included, but not shown for the sake of brevity. 

 

6. Conclusion 

Based on an innovative high frequency dataset, this paper examined whether different resilience 

estimation methods generate a consistent estimate of resilience outcome in quasi-experimental design 

framework. The results showed that PRIME methodology – a capacity-based approach - indicates gains 

across all rounds for treated farmers compared to counterfactual farmers. These gains seem to be 

consistently larger in the Dry season compared with the other rounds. Such findings are not evident in 

the other resilience metrics, although impacts are present but to a lesser extent and only in the Dry 

season.   

Defined as it is by a much sharper focus on altering the dynamics of human welfare, resilience building 

requires a very different empirical strategy, compared with standard impact assessment cross-sectional 

analysis. To this end, an attempt to look at dynamics was made through the growth model where a 

dynamic panel data model, notably system GMM, the Blundell-Bover estimator, was employed to 

assess the impact of PASIDP on asset growth, across the seasons, as well as on resilience gains or 

growth, making full use of the four rounds of data.  A dynamic model is more suitable given that one 

can estimate the impact of treatment on resilience controlling for past shocks and past welfare 

dynamics.  

The findings once again unequivocally showed the benefits of irrigation on assets growth - contingent 

on the drought shocks – where the benefits are overwhelmingly positive. Assets growth is also 

inversely related to initial assets, indicating that the growth rate is potentially slower for those with 

higher level of assets at the first round. Results also point to the fact that treatment is positively related 

to resilience gains and that the latter increase over time. 

This study clearly portrays strong evidence that investing in irrigation is highly transformative for 

farmers, particularly for those at the lower end of asset distribution. In addition, through a high 

frequency data collection, it was possible to assess the seasonal variation in such benefits as well as 

the sustainability of such benefits over time in a context where the drought spells are protracted and 

affect households differentially across the various seasons.  

The following policy recommendations can be offered based on the findings of this study. The first and 

most important one is that irrigation projects are transformative and generate returns that make farmers 

resilient to climatic shocks and to this end, irrigation may act as an effective risk management strategy 



increasing farmers income and building resilience. Shocks contexts that are highly volatile, may require 

interventions that are tailored to such volatility, bundling interventions to for instance index insurance 

or other informal insurance mechanisms, capable of having larger multiplier effects. 

The last policy recommendation concerns the ideal data structure of M&E systems for resilience 

building projects. M&E systems for resilience-building projects necessarily need to differ from 

standard M&E. The former requires high frequency data – e.g. data collected at shorter time intervals 

compared with standard baseline, midterm and completion surveys – to be able to assess whether the 

interventions have indeed a protective effect towards reducing farmers’ vulnerability to shocks and 

longer-term stressors in times of need. In order to minimize the cost implications of collecting data of 

such kind – such granular data could be collected for specific sites and for sub-samples, and combined 

with the more standard M&E data, which can be instead collected bi-annually. In addition, higher cost-

efficiency could be gained by forging alliances with other stakeholders on the ground – so that data 

collection efforts would not be duplicated – for instance between the Rome-based agencies – which 

have a vested interest in having joint early warning systems – but also with national governments and 

local NGOs – focusing on geographical areas that are particularly shocks prone.  
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