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ABSTRACT: The international community has recently been focused on the importance of 

building resilience to avoid repeated humanitarian disasters and improve the sustainability of 

development outcomes. Despite this consensus, there is little agreement on how best to measure 

resilience at the microeconomic level. The goal of this paper is to develop an empirical strategy 

for estimating individual or household level resilience based on theoretical work by Barrett & 

Constas. The moments-based approach allows us to estimate stochastic and possibly nonlinear 

well-being dynamics, with obvious benefits over linear models in contexts where poverty traps 

may be found. We then develop a decomposable resilience measure based on the Foster, Greer, 

& Thorbecke class of poverty measures, giving us the ability to compare the resilience of various 

sub-populations of interest. We finish with an empirical example of resilience measurement 

using household panel data from Northern Kenya where we find there are strong path dynamics 

in resilience, both in terms of dietary diversity and livestock holdings. Resilience is negatively 

impacted by drought and also strongly correlated with several household-level characteristics. 
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I. INTRODUCTION 

The concept of resilience has dominated recent humanitarian aid and development 

agendas, with increasingly large amounts of funding, programming, and research focused on 

“building resilience.” This context of increased action makes it all the more important for the 

international community to reach a consensus on the meaning of the term “resilience” and its 

relevance to improving lives in developing countries. Resilience measurement, based upon a 

sound resilience theory, can provide an understanding of stochastic well-being dynamics in a 

particular context, offer insight into programming and policy options, and guide impact 

evaluation of resilience-building interventions.  

In his seminal work on poverty measurement, Sen (1979) discusses the need for both 

poverty “identification” (determining who is poor) and “aggregation” (how characteristics of the 

poor can be combined into an aggregate indicator). Similarly, resilience measurement involves 

two distinct but related tasks, resilience identification (determining who is resilient and who is 

non-resilient) and resilience aggregation (defining how characteristics of the non-resilient are to 

be combined into an aggregate measure or indicator, i.e., a resilience index). In this paper, we 

develop an empirical strategy for estimating resilience based on theoretical work by Barrett & 

Constas (2014). While the technical definition of resilience will be explained in detail below, 

Barrett & Constas (2014) consider a household to be resilient if, and only if, it is likely to – or 

has a high probability of – being non-poor. By employing the moments-based approach 

recommended by Barrett & Constas (2014), the strategy we lay out allows researchers to 

incorporate conditional variance and potentially even higher-order moments into their analysis of 

individual or household well-being. These moments advance our understanding of the 

household’s underlying distribution of well-being and it is with this distribution that we are able 

to identify their resilience. 

While introducing a process for micro-level resilience identification is certainly the 

primary contribution of this paper, the ability to aggregate the individual resilience scores into a 

resilience indicator or measure, specifically one that is decomposable into subgroups, for 

example by livelihood group or geographic location, is particularly useful for the targeting of 

resources and the evaluation of possibly heterogeneous impacts of policies and programs on 

different populations. We propose a decomposable resilience measure that allows policymakers 

to aggregate household resilience scores across sub-populations. 

Using panel data from Northern Kenya, we empirically estimate resilience for over 800 

nomadic, partially nomadic, and fully settled households. We find that household resilience, both 

in terms of dietary diversity and assets in the form of livestock, is highly susceptible to drought. 

We also find strong path dynamics in resilience and evidence of self-insurance through the 

possession of (apparently unsustainably) large herds. The creation of a resilience index through 

resilience aggregation allows us to examine the time path of resilience for male and female 

headed households, as well as for nomadic, partially nomadic, and fully settled households. We 

see that fully settled households have the lowest levels of resilience in terms of livestock 

holdings, but by far the largest resilience in terms of dietary diversity. Forward looking resilience 

estimates are also discussed. 

The paper is organized as follows. Resilience identification is discussed in Part II, which 

overviews the important characteristics one would hope to find in a resilience measure. The 
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subsequent section, Part III, focuses on aggregation. In particular, we develop a decomposable 

resilience measure that parallels the Foster, Greer, & Thorbecke (1984, hereafter FGT) poverty 

measure. Part IV provides an empirical example of both resilience identification and aggregation 

using data from Kenya. Part V concludes with a few general thoughts on resilience measurement. 

II. RESILIENCE IDENTIFICATION 

Before we can hope to create a resilience index, we must first be able to identify who is 

resilient and who is not. Resilience, however, is not directly observable.
1
 A theory of resilience, 

therefore, facilitates identification by highlighting relevant variables for monitoring and 

evaluation (Barrett & Constas 2014). While the exact definition of resilience may vary from 

organization to organization, scholars from a variety of disciplines have made recommendations 

regarding the different aspects such a measure should encompass. The following section presents 

a set of desirable characteristics of an appropriate resilience metric in order to measure resilience 

in a manner consistent with relevant theory. 

Stochastic Poverty and Well-Being Dynamics 

Given that humanitarian donors and actors are interested in promoting resilience to 

cyclical (in the case of drought) or increasingly likely (in the case of certain rapid-onset events, 

such as earthquakes or tsunamis) shocks, it is important that a resilience measure be based 

around the possible occurrence of shocks (Régibeau & Rockett 2012). This means that 

researchers and/or policymakers must carry out adequate analyses of and also frame resilience 

discussions with regards to the experience (ex-post) of specific shocks and associated 

background (ex-ante) stressors (which we collectively refer to as risk) and use models that 

explicitly account for stochasticity (Constas & Barrett 2014). This focus on risk is a key 

distinction between resilience models and sustainability or livelihoods approaches. But how 

should we think of risk with regards to poverty and well-being dynamics in developing 

countries? 

While the impact of uncertainty on production and profit have been discussed since the 

mid-sixties and early seventies (see, for example, Pratt 1964 and Sandmo 1971), the impact of 

stochasticity on agricultural production was generally not discussed until the late seventies and 

early eighties (Just & Pope 1979, Antle 1983a). Interestingly, the impact of risk on poverty in 

developing countries was largely not discussed until the late eighties and early nineties 

(Ravallion 1988, Rosenzweig & Wolpin 1993). Morduch (1994) defines what he calls 

“stochastic poverty” to distinguish between structural poverty and poverty that results from risk.  

Morduch (1994) goes on to explain that in the face of uncertainty and incomplete insurance 

markets, the poor will often self-insure and engage in detrimental coping mechanisms to smooth 

consumption or incomes. 

Carter & May (2001) consider inter-temporal well-being as a dynamic optimization 

problem, recognizing that time provides opportunities for the poor to accumulate assets but also 

exposes them to negative shocks. The authors highlight the possibility of “dynamically poor” 

                                                 
1
 The definition for resilience we employ here, taken from the Barrett & Constas (2014) definition of development 

resilience, is quite different than the definitions used in other fields. See Folke (2006) for a nice review of the 

concept in the ecology and engineering literatures. 
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households for whom “neither time, nor the opportunity to save and accumulate assets will 

deliver them” from poverty (Carter & May 2001, 1991), distinguishing these from households 

that are structurally mobile or stochastically poor. Zimmerman and Carter (2003) demonstrate 

that rational decision making may lead to very different outcomes for rich and poor households, 

as the rich benefit from high return portfolios and are able to smooth consumption while the poor 

choose to smooth income and assets as a risk-mitigation strategy. 

Building on this previous work on poverty dynamics, Barrett (2005, 50) hypothesizes that 

there may be “important nonlinearities in the relationship between assets, stocks, and income 

growth” and multiple equilibria leading to “threshold effects that generate bifurcated welfare 

dynamics.” Barrett & Carter (2013), however, point out that the absence of multiple equilibria 

does not necessarily mean the absence of a poverty trap (or even multiple, single equilibrium, 

trait-dependent poverty traps). It is also worth pointing out that the presence of a poverty trap 

does not necessarily mean that households will engage in risk avoidance behavior, since poor 

households, particularly ability-constrained poor households, may find the payoff from risky 

behavior (e.g., possibly escaping from a poverty trap) worth the risk (Lybbert & Barrett 2011). 

Other Desirable Resilience Model Characteristics 

In addition to being risk-centric, a resilience measure must allow for both single and 

multiple well-being equilibria (Holling 1996), as well as the related concepts of thresholds 

(Folke 2006, Constas & Barrett 2014), path dependence (Régibeau & Rockett 2012), and 

nonlinearity (Constas & Barrett 2014). For example, a burgeoning recent literature on poverty 

traps finds evidence for multiple stable dynamic equilibria in various settings using different 

stochastic welfare measures (Lybbert et al. 2004; Adato, Carter, & May 2006; Barrett et al. 2006; 

Hoddinott 2006; Carter et al. 2007; Santos & Barrett 2011; Carter & Lybbert 2012; Barrett & 

Santos 2014). This is particularly true in the sorts of poor, remote areas where resilience is of 

greatest salience in current development and humanitarian policy dialogues. Measures based on 

linear models that assume away such phenomena may therefore fail to provide an accurate 

portrayal of complex underlying well-being dynamics in such settings. 

Time scales also impact which data are collected and how often. While the ecological 

impacts of a resilience program, for example, may not be observable over the program period, 

that does not mean that impacts will not be seen — or influence the resilience of affected 

communities within the same social-ecological system — in the long term. Researchers must 

recognize the limitations of their analysis given the time period over which data is collected. 

Nonetheless, high-frequency data collected over a long period will allow researchers to better 

understands the impacts of (sometimes slowly evolving) risk (Barrett & Headey 2014). The 

measure should allow researchers to calculate resilience as a sequence in order to evaluate the 

impacts of policies, events, and projects on resilience. 

Finally, multi-system-multi-level interactions may require data collection at the 

individual, household, community, regional, or national level while considering how various 

systems and levels interact to entrench vulnerability and limit resilience (Barrett & Swallow 

2006). These issues have real impacts for the way data is collected and analyzed in the field, and 

will likely require data be collected more frequently and at more levels than is common in 

development programming today including not only seasonal panels of individual or household 

data, but also information on covariate shocks and ecological conditions. 
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Review of Resilience Models to Date 

Despite a robust and growing literature on the necessary characteristics of resilience 

metrics, relatively few measures have actually been proposed and applied empirically in the 

development context. Alinovi, Mane, & Romano (2010) define resilience as “a household’s 

ability to maintain a certain level of well-being (food security) in the face of risks.” The authors 

view households as sub-systems of a broad, complex food system and they are interested in 

identifying interventions that might increase the resilience of the entire system to shocks 

(“resilience management”). To measure resilience, Alinovi, Mane, & Romano construct a 

resilience index for Palestinian households as a function of income and food access, assets, 

access to public services, social safety nets, stability, and adaptive capacity, each of which is 

considered a latent variable. Unfortunately, their analysis is a static one, and even if the authors 

were to take advantage of panel data, they do not incorporate path dynamics or allow for 

multiple equilibria. The Alinovi, Mane, & Romano approach also does not explicitly measure 

shocks, but rather includes elements of what they call “risk exposure,” such as the strength of 

safety nets and household coping mechanisms. 

Frankenberger et al. (2013) offer a conceptual framework for the measurement of 

community resilience. The approach is aimed at the donor/practitioner level and is primarily 

relevant for programming in vulnerable communities with high levels of exposure to shocks and 

stresses. While the hierarchical linear modeling technique they recommend does allow for multi-

system-multi-level interactions, dynamics are assumed to be linear and the authors provide no 

discussion of the potential for multiple stable equilibria, thresholds, or poverty traps in their 

document, seemingly contravening the fundamental notion of resilience. 

Vaitla et al. (2012) present a livelihoods change approach — involving analyses of 

household welfare dynamics, food security determinants, and asset dynamics over time — to 

measuring resilience. Although the authors express an interest in examining changes over time, 

their paper on Ethiopia is only able to examine the determinants of well-being. One interesting 

feature of the Vaitla et al. approach is that resilience is always a function of the initial asset 

endowment, which is similar to the concepts of poverty trap thresholds and path dependence 

discussed above, although it assumes that the initial level is somehow structurally relevant, rather 

than perhaps the result of a stochastic process. 

 Although the models discussed above are the most prominent in the development 

resilience literature to date, a recent approach proposed by Béné (2013) measures resilience by 

measuring “the costs* that a household… has to ‘pay’ to pass through a particular shock” (11).
2
 

Béné considers that these costs can be classified into three broad categories: 1) anticipation costs, 

2) impact costs, and 3) recovery costs. Summing these costs provides a measure of resilience 

costs. According to the author, the “lower the resilience costs*, the more resilient the system is 

(to a given shock)” (Béné 2013, 12). While appealing, the Béné approach may not be particularly 

useful for impact assessment, as it is only interested in resilience to a specific shock. The 

anticipation costs also do not account for, for example, the opportunity cost of risk-mitigating 

self-insurance behaviors, so unfortunately the understanding of well-being dynamics gleaned 

from this approach are incomplete.  

                                                 
2
 Béné (2013) considers the use of the term “costs” to be problematic and therefore places an asterisk after the word 

(i.e., costs*) to remind the reader he is talking about non-economic costs, such as the social and psychological. 
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Some authors have recently criticized the concept of resilience as not “pro-poor” (Béné et 

al. 2012). As opposed to approaches that 1) simply quantify the short-term impact of shocks on 

wealth or well-being or 2) measure resilience as rebound time to some initial state, irrespective 

of the ex-ante position’s normative distribution, a resilience measure that explicitly defines 

resilience as the probability of reaching (and maintaining) some satisfactory level of well-being 

is inherently pro-poor. Others have voiced concern that resilience indices might discourage 

accountability (Levine 2014). But far from promoting a set of hidden calculations, the index we 

propose here cannot be manipulated by irrelevant variables. It encourages measurement, 

transparency, and replication. 

There is also some concern that the ecological origins of resilience may make it ill-suited 

to the humanitarian and development spheres. With regards to climate change specifically, 

Cannon & Müller-Mahn (2010) argue that resilience initiatives may not be sufficiently “people-

centered.” A theory of resilience need not, however, be dominated by ecological concerns at the 

expense of people. While the livelihoods of many of the world’s poor turn on ecosystems 

dynamics, especially of course in rural areas, the measure proposed above focuses solely on 

human well-being. One could readily incorporate natural variables – e.g., weather, soil quality, 

wildlife or fish stocks, water availability – as conditioning variables in 𝑿 in equation (1), as 

suggested by Barrett & Constas (2014). Since those variables are themselves subject to 

underlying path dynamics, such an approach naturally couples human well-being and natural 

system dynamics; this approach in no way subordinates people. 

Implementing the Barrett & Constas Approach 

Barrett & Constas (2014) present a more general theoretical framework for resilience, 

based on stochastic well-being dynamics. The authors represent resilience using the moment 

function for conditional well-being (well-being in period 𝑡 + 𝑠 (𝑊𝑡+𝑠) conditional on well-being 

in period 𝑡), specifically 𝑚𝑘(𝑊𝑡+𝑠|𝑊𝑡, 𝜖𝑡), where the 𝑘 superscript indicates the k
th

 moment. The 

authors recommend the moment function as it provides a more complete understanding of well-

being dynamics over a sequence of periods than the conditional mean well-being equation alone. 

In the Barrett & Constas formulation, a unit is only resilient when the probability of escaping 

poverty is above some appropriate minimum threshold (such as the $1.25 poverty line or some 

minimum productive livestock threshold). 

The Barrett & Constas (2014) theory builds off poverty trap work (e.g., Barrett & Carter 

2013) in that it allows for the presence of thresholds where expected path dynamics bifurcate. 

Such bifurcations occur when one or more well-being thresholds exist, pushing some people to a 

high equilibrium level of well-being while possibly trapping others in chronic poverty. In some 

cases, a third lower stable equilibrium, death, could exist. Humanitarian crises arise when large 

subpopulations are suddenly thrust toward that equilibrium’s basin of attraction. 

By conditioning on previous levels of well-being, we can model well-being path 

dynamics explicitly: we model mean (indicated by the M subscript) stochastic well-being of 

household i in period t (𝑊𝑖𝑡) parametrically as a polynomial function
3
 of lagged well-being 

(𝑊𝑖,𝑡−1), and a vector of household characteristics, 𝑿𝑖𝑡, including shocks directly experienced by 

i or risks to which i is exposed: 

                                                 
3
 A third order polynomial was most consistent with the data used in this paper below. This need not be the case, 

however, and a higher order polynomial may be appropriate in some cases. 
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(1) 𝑊𝑖𝑡 = 𝛽M1𝑡𝑊𝑖,𝑡−1 + 𝛽M2𝑡𝑊𝑖,𝑡−1
2 + 𝛽M3𝑡𝑊𝑖,𝑡−1

3 + 𝜷𝐌𝟒𝒕𝑿𝑖𝑡 + 𝑢𝑀𝑖𝑡. 

The cubic terms are included due to the potential for nonlinear well-being dynamics, 

including S-shaped dynamics containing multiple stable equilibria separated by unstable well-

being thresholds (Barrett et al. 2006). Using 𝐸 to represent the expectation operator and 

assuming that the random error term 𝑢𝑀𝑖𝑡 is mean zero (𝐸[𝑢𝑀𝑖𝑡] = 0), the first central moment 

(𝜇1𝑖𝑡) can be written  

(2) Conditional Mean: 𝜇1𝑖𝑡 ≡ 𝐸[𝑊𝑖𝑡] = ∑ 𝛽𝑀𝛾𝑡𝑊𝑖,𝑡−1
𝛾3

𝛾=1 + 𝜷𝐌𝟒𝒕𝑿𝒊𝒕.  

Following Antle (1983b) and using a subscript V to indicate variance, we can then use the 

residuals to calculate the central moment equation for conditional variance (𝜇2𝑖𝑡)
4
: 

(3) Conditional Variance: 𝑢𝑀𝑖𝑡
2 = ∑ 𝛽𝑉𝛾𝑡𝑊𝑖,𝑡−1

𝛾3
𝛾=1 + 𝜷𝐕𝟒𝒕𝑿𝒊𝒕 + 𝑢𝑉𝑖𝑡,  

𝐸[𝑢𝑉𝑖𝑡] = 0 → 𝜇2𝑖𝑡 = ∑ 𝛽𝑉𝛾𝑡𝑊𝑖,𝑡−1
𝛾3

𝛾=1 + 𝜷𝐕𝟓𝒕𝑿𝒊𝒕  

Having information on these moments allows us to describe mean well-being and 

heteroskedasticity, meaning we capture more information about the impact of previous well-

being and other characteristics on stochastic well-being dynamics. These and higher moments 

can be used, under a few straightforward assumptions, to identify the shape and location 

parameters of the conditional well-being probability density function (pdf). That is, the moment-

based approach provides an understanding of the distribution of household well-being. Although 

moment generating functions can be used to identify underlying pdfs in theory, in practice the 

process of identifying a distribution function of unspecified form from a moment generating 

function requires large amounts of data and often results in imprecise measures of the tails of the 

distribution, which are of particular concern in our case, as we explain below. To avoid these 

challenges, we assume a functional form for the underlying well-being pdf.  

For simplicity, we assume each household’s conditional well-being is normally 

distributed. While only taking advantage of the first two moments, this method still explicitly 

models heteroskedasticity
5
 using the empirical moments from equations (2) and (3) and allows 

us to identify the parameters of each household’s conditional well-being pdf. Once we have 

deduced the household-level pdf, we can use it to perform probability analysis. Specifically, we 

are interested in defining resilience as the probability that household 𝑖 will have well-being in a 

future period (𝑡 + 𝑠) above some threshold, 𝑊. Following the Barrett & Constas (2014) 

framework, we can define a household’s resilience based on the sequence of estimated 

probabilities (𝜌𝑖)𝑠=0
𝑇  where 𝜌𝑖 ≡ 𝑃𝑟(𝑊𝑖,𝑡+𝑠 ≥ 𝑊) = ∫ 𝑓𝑊𝑡+𝑠

(𝑤𝑡+𝑠)
∞

𝑊
. We can use this integral to 

evaluate the impact of specific characteristics or programs today on the resilience of households 

(or other units, such as individuals): 𝜕𝜌𝑖/𝜕𝑋𝑖. The sequence can also be used in aggregation to 

identify resilience measures at broader scales of analysis. If one can identify changes in these 

probabilities or in an aggregate measure as causally attributable to some exogenous change (e.g. 

                                                 
4
 The central moment equations for skewness (𝜇3𝑖𝑡) and kurtosis (𝜇4𝑖𝑡) can be similarly calculated. The inclusion of 

these equations would allow us to describe heteroskewness and heterokurtosis, as well.  
5
 A generalized (four-parameter) beta distribution is a highly-flexible, unimodal distribution which would take 

advantage of four conditional central moments. In order to identify the household-specific distribution parameters, 

we would use the method of moments as described by Bury (1999).  
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in climate, in a policy intervention, in a household characteristic), then one can evaluate claims 

of “resilience building” rigorously using established inferential methods. 

III. RESILIENCE AGGREGATION 

Sen describes the aggregation process as “some method of combining deprivations of 

different people into some over-all indicator” (Sen 1979, 288). While the approach discussed in 

Part II above allows us to identify the level of resilience of a specific unit (such as an individual 

or household), we would also like to summarize the resilience of the different units into one 

overall resilience indicator or measure, the aggregate resilience index 𝑹. 

Desirable Aggregate Measure Characteristics 

Even before Foster, Greer, & Thorbecke (1984) proposed a class of decomposable 

poverty measures, now known simply as the FGT poverty measures, certain desirable attributes 

for poverty measures had been discussed in the literature. Sen (1976) highlights some of the 

shortcomings of the headcount ratio, such as its violation of the monotonicity
6
 and transfer

7
 

axioms. Sen proposes a poverty measure that meets additional desirable characteristics he sets 

out, including “relative equity,”
8
 and conveniently lies between 0 and 1. Sen also argues that a 

poverty measure would ideally combine “considerations of absolute and relative deprivation 

even after a set of minimum needs and a poverty line have been fixed” (Sen 1979, 293). 

Another desirable feature is the ability to attribute shares of the overall resilience 

indicator to various subgroups. The population-weighted sum of the subgroup measures would 

therefore equal the measure for the whole group. While the measure proposed by Sen is not 

decomposable in this way, FGT (1984) propose an entire class of decomposable poverty 

measures and illustrate how the measures meet the various axioms recommended by Sen (1976, 

1979). The FGT (1984) poverty measures serve as a logical jumping off point in the search for 

an additive resilience measure that meets the requirements discussed above.  

For a vector of household incomes, 𝑦, ordered from lowest to highest, poverty line 𝑧 > 0, 

and income gap 𝑔𝑖 ≡ 𝑧 − 𝑦𝑖, there are 𝑞 households in a population of size 𝑛 at or below the 

poverty line. FGT propose the measure 𝑃𝛼(𝑦; 𝑧) =
1

𝑛
∑ (

𝑔𝑖

𝑧
)

𝛼
𝑞
𝑖=1 , which meets the Sen criteria and 

is additively decomposable with population share weights (FGT 1984) for different 

subpopulations of 𝑛. When 𝛼 = 0 this is equivalent to the headcount ratio, when 𝛼 = 1 this is 

equivalent to the poverty gap index, and when 𝛼 = 2 it is the poverty severity index (Haughton 

& Khandker 2009), also known as the squared poverty gap index. By weighting each 

household’s poverty gap by its proportion of the gap, the squared index not only considers 

absolute deprivation (by focusing on those below the poverty line 𝑧), but also relative 

deprivation (placing higher weights on those further below the poverty line).  

                                                 
6
 The Monotonoicity Axiom states: “Given other things, a reduction in income of a person below the poverty line 

must increase the poverty measure” (Sen 1976, 219). 
7
 The Transfer Axiom states: “Given other things, a pure transfer of income from a person below the poverty line to 

anyone who is richer must increase the poverty measure” (Sen 1976, 219). 
8
 Relative Equity requires “that if person i is accepted to be worse off than person j in a given income configuration 

y, then the weight vi on the income short-fall gi of the worse-off person i should be greater than the weight vj on the 

income short-fall gj” (Sen 1976, 221). 
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A Decomposable Resilience Measure 

Following FGT (1984), we propose a decomposable resilience indicator that allows us to 

aggregate household-specific resilience probabilities 𝜌𝑖 across the population into a single 

measure. The measure is based on the FGT approach, ensuring that it meets the monotonicity, 

transfer, and relative equity axioms proposed by Sen in addition to being additively 

decomposable.  

Assume a normative resilience probability threshold of 𝑃, at/under which we consider a 

household’s probability of reaching or surpassing 𝑊 (the threshold well-being level discussed in 

Part II) to be intolerably low. The resilience analyst must therefore select two normative 

thresholds, 𝑊 and 𝑃, which may be context specific. We generate an ordered vector 𝝆 of 

household resilience measures in time period 𝑡 + 𝑠, 𝝆 = (𝜌1, 𝜌2, 𝜌3, … , 𝜌𝑛; 𝑊) for a total number 

of households 𝑛 = 𝑛(𝝆). The previously mentioned resilience probability threshold 𝑃 is 

determined such that 1 > 𝑃 > 0. With this information we can count the number of non-resilient 

households, 𝑞, for which the household resilience probability falls at or below the resilience 

probability threshold 𝑞 = 𝑞(𝝆; 𝑃), as well as the resilience shortfall for those households 

𝑔𝑖 = 𝑃 − 𝜌𝑖. 

The decomposable resilience index is therefore defined for period 𝑡 + 𝑠 

(4) 𝑅𝛼,𝑡+𝑠(𝝆; 𝑊, 𝑃) ≡ 1 − [
1

𝑛
∑ (

𝑔𝑖

𝑃
)

𝛼
𝑞
𝑖=1 ],  

and the sequence of resilience indices, (𝑅𝛼,𝑡+𝑠)
𝑠=0

𝑇
, would represent aggregate resilience over 

time to horizon period T. The measure necessarily lies on the closed interval [0,1], with 𝑅 = 0 if 

each household in the population has a resilience probability 𝜌𝑖 = 0, and 𝑅 = 1 if 𝜌𝑖 > 𝑃 ∀ 𝑖 ∈
𝑛, implying 𝑞 = 0. This approach allows us to calculate the population share deemed resilient 

(i.e., resilience headcount ratio) when 𝛼 = 0 (𝐻𝑅 =
𝑛−𝑞

𝑛
), mean resilience of non-resilient 

household (�̅�𝑞 =
∑ 𝜌𝑖

𝑞
𝑖=1

𝑞
), as well as the resilience-gap ratio (𝐺 = ∑

𝑔𝑖

𝑞𝑃

𝑞
𝑖=1 ). A demonstration of 

how this measure satisfies the various axioms set forth by Sen (1976, 1979) and FGT can be 

found below and the index does indeed combine “considerations of absolute and relative 

[resilience] deprivation” (Sen 1979, 293) even after the selection of a normative minimum 

resilience threshold. It’s worth noting here that while the axioms are discussed with regards to 

individuals, they are applied in this paper almost exclusively to households. While in theory this 

approach could be used to aggregate individual resilience scores into a household-level 

aggregate, we will assume for now a unitary household model and apply the axioms to the 

household as the most decentralized unit. 

Monotonicity Axiom: A reduction in resilience of a person already below the resilience 

probability threshold, ceteris paribus, must (weakly) decrease the resilience index.  

Assume in a population of size 𝑛, that an individual 𝑗 (already below the resilience 

probability threshold) has a reduction in resilience from period 𝐴 to period 𝐵 such that 𝜌𝑗𝐴
>

𝜌𝑗𝐵
. Since 𝑔𝑗 = 𝑃 − 𝜌𝑗 , clearly 𝑔𝑗𝐴

< 𝑔𝑗𝐵
. Individual 𝑗 remains below 𝑃 and since neither the 

population size nor the resilience probability threshold 𝑃 is changed, therefore it is easy to see 
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that [
1

𝑛
∑ (

𝑔𝑖

𝑃
)

𝛼
𝑞𝐴
𝑖=1 ] > [

1

𝑛
∑ (

𝑔𝑖

𝑃
)

𝛼
𝑞𝐵
𝑖=1 ] for all 𝛼 > 0 and therefore 𝑅𝐴 < 𝑅𝐵. As discussed above, 

for 𝛼 = 0 the resilience index is the headcount ratio and therefore 𝑅𝐴 = 𝑅𝐵.  

Transfer Axiom: A pure transfer of resilience from a person below the resilience 

probability threshold to anyone who is more resilient must (weakly) decrease the resilience 

index, ceteris paribus. 

The transfer axiom simply ensures that the index value changes in the resilience of the 

least resilient more than changes in resilience indices of more resilient individuals (even if those 

individuals are still below the normative threshold 𝑃. 

 Case 1: If the transfer is made to someone with resilience above 𝑃, this is effectively 

equivalent to the monotonicity axiom above.  

Case 2: Let two individuals 𝑗 and 𝑘 each have a level of resilience below the resilience 

probability threshold, such that 𝜌𝑗𝐴
< 𝜌𝑘𝐴

≤ 𝑃 in period 𝐴. A pure resilience transfer in the 

amount of 𝜋 reduces the resilience of person 𝑗 to 𝜌𝑗𝐵
= 𝜌𝑗𝐴

− 𝜋 in period 𝐵 and increases the 

resilience of person 𝑘 to 𝜌𝑘𝐵
= 𝜌𝑘𝐴

+ 𝜋, which may or may not be above 𝑃.  

Case 2a: For this subcase let 𝜌𝑘𝐵
= 𝜌𝑘𝐴

+ 𝜋 ≤ 𝑃, so individual 𝑗’s gap has increased 

(𝑔𝑗𝐴
< 𝑔𝑗𝐵

) and 𝑘’s gap has shrunken (𝑔𝑘𝐴
> 𝑔𝑘𝐵

). It is immediately clear that 𝑅𝐴 = 𝑅𝐵 

when 𝛼 = 0 or 𝛼 = 1 since neither the headcount nor the cumulative resilience gap is 

altered by the transfer. For 𝛼 > 1, [
1

𝑛
∑ (

𝑔𝑖

𝑃
)

𝛼
𝑞𝐴
𝑖=1 ] > [

1

𝑛
∑ (

𝑔𝑖

𝑃
)

𝛼
𝑞𝐵
𝑖=1 ] since greater weight is 

placed on larger gaps and therefore it follows that 𝑅𝐴 < 𝑅𝐵. 

Case 2b: Now let 𝜌𝑘𝐵
= 𝜌𝑘𝐴

+ 𝜋 > 𝑃. Notice that for 𝛼 = 0, the headcount ratio, 

𝑅𝐴 > 𝑅𝐵 since fewer individuals fall below the resilience probability threshold. However, 

for ≥ 1 , [
1

𝑛
∑ (

𝑔𝑖

𝑃
)

𝛼
𝑞𝐴
𝑖=1 ] > [

1

𝑛
∑ (

𝑔𝑖

𝑃
)

𝛼
𝑞𝐵
𝑖=1 ] as individual 𝑗’s gap increases (𝑔𝑗𝐴

+ 𝜋 = 𝑔𝑗𝐵
) 

and 𝑘 surpasses the threshold and is considered resilient (𝑔𝑘𝐵
= 0), implying 𝑅𝐴 < 𝑅𝐵.  

Relative Equity Axiom: If person 𝑗 is accepted to be less resilient than person 𝑘 in a 

given resilience configuration 𝝆, then the weight on the resilience gap 𝑔𝑗 of the less resilient 

person 𝑗 should be greater than the weight on the resilience gap 𝑔𝑘. 

While the headcount ratio with 𝛼 = 0 ignores resilience gaps completely and gaps are 

given equal weights when 𝛼 = 1, for all 𝛼 > 1 the resilience index 𝑅(𝝆; 𝑊, 𝑃) ≡ 1 −

[
1

𝑛
∑ (

𝑔𝑖

𝑃
)

𝛼
𝑞
𝑖=1 ] weighs larger gaps more heavily than smaller gaps. 

Decomposability: The resilience index is decomposable with population share weights. 

Suppose we break the population into two (or more) subpopulations such that 𝑛 = 𝑛1 +

𝑛2 and 𝑞 = 𝑞1 + 𝑞2. It is clear that 𝑅𝛼(𝝆; 𝑊, 𝑃) ≡ 1 − [
1

𝑛
∑ (

𝑔𝑖

𝑃
)

𝛼
𝑞
𝑖=1 ] = 1 −

1

𝑛
[∑ (

𝑔𝑖

𝑃
)

𝛼
𝑞1
𝑖=1 +

∑ (
𝑔𝑖

𝑃
)

𝛼
𝑞2
𝑖=1 ] = (

𝑛1

𝑛
) −

1

𝑛
∑ (

𝑔𝑖

𝑃
)

𝛼
𝑞1
𝑖=1 + (

𝑛2

𝑛
) −

1

𝑛
∑ (

𝑔𝑖

𝑃
)

𝛼
𝑞2
𝑖=1 = (

𝑛1

𝑛
) (1 − [

1

𝑛1
∑ (

𝑔𝑖

𝑃
)

𝛼
𝑞1
𝑖=1 ]) +

(
𝑛2

𝑛
) (1 − [

1

𝑛2
∑ (

𝑔𝑖

𝑃
)

𝛼
𝑞2
𝑖=1 ]) = (

𝑛1

𝑛
) 𝑅𝛼1 + (

𝑛2

𝑛
) 𝑅𝛼2. 
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The resilience measure satisfies each of the four important axioms above. It is therefore 

well suited for situations in which resilience indices would be useful for targeting or for 

policy/project evaluation. Given that the poor are the least economically resilient by the Barrett 

& Constas (2014) definition, the measure is inherently pro-poor.  

IV. AN EMPIRICAL EXAMPLE 

In this section, we employ the resilience identification and aggregation techniques 

discussed above to estimate the resilience of sample households in Northern Kenya. Many 

pastoralist households in Northern Kenya earn most or all of their income from their livestock. 

Unfortunately these households, who have few other livelihood options, are incredibly 

vulnerable to weather shocks, such as drought, which can decimate animal populations. To help 

pastoral and agro-pastoral populations manage drought-related livestock mortality, an index-

based livestock insurance (IBLI) product was piloted in Northern Kenya beginning in January 

2010.  

The data used in this example were collected by the International Livestock Research 

Institute (ILRI), Cornell University, The University of California-Davis, and Syracuse 

University, in collaboration with private sector insurance providers, using “an elaborate multi-

year impact evaluation strategy” (ILRI 2013). The household surveys gather household 

livelihood and welfare information for 924 survey households
9
 and include general demographic 

questions as well as questions regarding livestock accounting and production, risk and insurance, 

livelihood activities, expenditure and consumption, assets, and savings and credit. 

The summary statistics for the 

IBLI data can be found in Table 1, at 

right. In Marsabit, which is the 

location of the IBLI program, five 

rounds
10

 of the survey have been 

administered. The program monitors 

the normalized difference vegetation 

index (NDVI) in the implementation 

area and uses it to predict livestock 

mortality due to hostile rangeland 

conditions. When predicted livestock 

mortality due to drought reaches 

catastrophic levels, the insurance 

policy pays out. During the five 

rounds of data, a catastrophic drought 

did occur once (between rounds two 

and three). 

                                                 
9
 Given the need for a minimum of two years of consecutive data in order to properly lag the endogenous variables, 

approximately 100 households were dropped from the data. 
10

 Five rounds of the data are available and used in this analysis. Since we are using lagged variables, the first round 

of the data is not used (with the exception of the HDDS and TLU data). 

Table 1: Summary Statistics 

 
Sample 

Mean 

Fully 

Settled 

Partially 

Nomadic 
Nomadic 

Household Dietary 

Diversity Score 
7.0 7.7 6.7 6.5 

Tropical Livestock 

Units 
13.2 5.9 15.2 21.7 

Drought (dummy=1) 0.25 0.25 0.25 0.25 

Female Headed 0.38 0.35 0.39 0.10 

Age of Head 49.1 51.6 48.2 52.3 

Education in Yrs 1.0 2.3 0.6 0 

Dependency Ratio 1.02 1.04 1.01 1.17 

Catholic 0.30 0.34 0.30 0.15 

Anglican 0.08 0.05 0.09 0 

Other Christian 0.06 0.11 0.05 0 

Muslim 0.24 0.41 0.19 0.15 

Traditional Religion 0.31 0.08 0.37 0.65 

No Religion 0 0 0 0.05 

N 3278 
767 

(23.4%) 

2431 

(74.2%) 

80 

(2.4%) 

Rounds 4 4 4 4 
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Resilience Identification 

Well-being is inherently multidimensional (Sen 1985, Martinetti 2000, Alkire & Santos 

2010, Ravallion 2011) and it is therefore necessary to examine resilience across multiple 

dimensions of well-being. Malnutrition levels in Marsabit are higher than in Kenya on average 

(Rembold et al. 2014) and many households in the county hold a large share of their wealth in 

livestock. It seems logical therefore to measure well-being both in terms of dietary diversity and 

livestock holdings.  

Our first dependent variable is then the household’s dietary diversity score (HDDS), a 

variable we calculate from the IBLI household food consumption module. The seven day recall 

data allows us to count the number of food groups (out of a total of twelve) consumed by 

household members during the past week. The second dependent variable of interest is 

household aggregate livestock holdings, for which we are using the calculated total number of 

tropical livestock units (TLUs, 1 TLU = 1 cow, 0.7 camel, 10 sheep, or 10 goats) held by each 

household in each round of the survey.  

The mean well-being equations are calculated as in (1) above. In this case we model 

HDDS well-being as a function of lagged well-being (i.e., HDDS from the previous period) 

including squared and cubic lagged well-being, the gender of the household head, the age and 

squared age of the household head, the number of years of education for the household head, the 

household dependency ratio, and the number of animals (TLU) held by the household during the 

period. We have also included an indicator variable (drought) equaling 1 for cases when the 

NDVI predicted catastrophic livestock mortality and controls for religious affiliation and 

nomadic status. 

The mean well-being equation for HDDS can be found in Table 2 (on page 19), column 

(1). The lagged well-being terms are relatively large in magnitude and highly significant, 

suggesting path dynamics in HDDS well-being. Interestingly, a closer observation of the 

coefficients shows that HDDS follows a stochastic mean reverting process, pushing and pulling 

households with higher and lower HDDS closer to the mean score over time. As we would 

expect, the coefficient on drought is negative and significant at the one percent level. The 

coefficients on the indicator variable for a female household head and dependency ratio are also 

negative, as expected, but not significant. Education is positively correlated with increased 

HDDS, although the magnitude is not large.  

TLU well-being is similarly modeled as a function of lagged well-being (i.e., TLU from 

the previous period) including squared and cubic lagged well-being, drought, the sex of the 

household head, the age and squared age of the household head, the number of years of 

education for the household head, the household dependency ratio, and controls for religious 

affiliation and nomadic status. The mean well-being equation for TLU can be found in Table 2, 

column (4). Once again, we see evidence of strong path dynamics in TLU holdings, although it 

appears in this case that there are decreasing returns to past period TLU holdings, with herds 

becoming increasingly unsustainable after about 20 TLU. It is worth pointing out that the data 

provide no evidence of S-shaped TLU dynamics or a TLU asset-based poverty trap. The 

coefficient on drought is again, as expected, strongly negative, as is the coefficient on the 

dummy for female head. Unlike in the mean HDDS equation, the coefficient on the household 

dependency ratio is highly significant and negative, demonstrating a correlation between larger 

families (in terms of proportion of dependents) and decreased herd size. 
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We reserve the residuals from the mean well-being equations, square them, and use these 

values to predict conditional variance, as described in equation (3) above, constraining the 

estimation to allow only positive estimates for variance. The estimates for the HDDS and TLU 

variance equations can be found in columns (2) and (5) of Table 2, respectively. We continue to 

see significant correlations between the lagged values and the dependent variables, although little 

else appears to be significant. This suggests path dynamics may be heteroskedastic while many 

of the other household characteristics are not. 

In this example, we assume that the household-level well-being pdfs are normally 

distributed. That is: 𝑓𝑡(𝑤𝑡) =
1

𝜎√2𝜋
𝑒

−
(𝑤𝑡−𝜇)2

2𝜎2 . The conditional mean (𝜇) and variance (𝜎2) are 

household-specific and calculated as in equations (2) and (3), above. Using this information, we 

are able to estimate the household’s pdf for each period. The examples below demonstrate how 

the HDDS and TLU pdfs can be evaluated individually for each household over time. Household 

6001 is a female-headed, fully settled household, and is fairly typical within that subgroup. 

Household 5022, on the other hand, is a male-headed, nomadic household. Household 5022 has 

TLU holdings near the mean for nomadic households. 

Figure 1: HDDS Well-being PDFs  

  

In Figure 1 above, we see that the round 3 (R3) distribution ― the period immediately 

following the catastrophic drought ― is to the left of all other distributions for household 6001. 

The R2 distribution is actually the furthest to the right, suggesting that the household has been 

working (probabilistically) to catch up to their pre-drought mean dietary diversity level. While 

the variance alters slightly between rounds, in general the household seems to have a fairly 

constant variance in HDDS well-being across years. Similarly, household 5022 is more likely to 

have lower HDDS in R3. By R5 the household has even surpassed the mean expected HDDS 

from R2 and experiences a lower variance of HDDS well-being as well. 

Figure 2: TLU Well-being PDFs  
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In Figure 2, we plot the TLU well-being pdfs for the same two households. Household 6001 has 

incredibly low levels of expected TLU holdings. The pdf shifts dramatically to the level in R3, 

but recovers by R4. The household has the least amount of TLU-well-being variance in R5 as 

well as the highest expected mean level. The nomadic household 5022 has much higher expected 

TLU levels across all periods. The pdf shifts left in R3, as expected, but also becomes much 

more peaked (lower variance). By R4 the household has recovered pre-drought mean and 

variance TLU well-being, although the mean drops again in R5, possibly due to some 

idiosyncratic household shock. 

Once the household pdfs have been calculated, the next step in resilience analysis is 

determining an appropriate threshold level of well-being (𝑊). We set the threshold level of 

HDDS well-being at 𝑊 = 7, which is basically equivalent to mean consumption. In order to 

demonstrate the sensitivity of resilience estimates to the choice of well-being threshold, we have 

selected two TLU well-being thresholds, a lower threshold set at 𝑊 = 6 which is the critical 

livestock threshold number of TLU identified in the literature (Barrett et al. 2006) and a higher 

threshold set at 𝑊 = 13.5 which is just slightly higher than the sample mean. In order to 

distinguish between the two TLU resilience thresholds, we use an l subscript to denote TLU 

resilience according to the lower threshold (𝑊 = 6) and an h subscript to refer to the higher TLU 

resilience threshold (𝑊 = 13.5). These thresholds are represented in Figures 1 and 2 by the 

vertical red lines. The resilience score for each period is simply the percentage of the area below 

the pdf curve that lies to the right of the specific threshold. Clearly, if any particular household’s 

pdf lies entirely to the left [to the right] of the well-being threshold, the household will have a 

probability of 0 [1] of surpassing 𝑊. For all other households, the probability lies between 0 and 

1. This probability is the household’s resilience score in that dimension (HDDS or TLU) for the 

period.  

We calculate the three resilience scores (HDDS resilience, 𝑇𝐿𝑈𝑙 resilience, and 𝑇𝐿𝑈ℎ 

resilience) and regress these values on the same regressors used in the mean and variance 

equations. The OLS estimates for each type of resilience can be found in Table 2 columns (3), 

(6), and (7). We see strong evidence of non-linear relationships between lagged well-being and 

resilience in all three specifications. With regards to HDDS resilience, we do see S-shaped 

resilience dynamics. A lagged HDDS of 4 is correlated with low levels of HDDS-resilience, 

while an HDDS of 11 is correlated with a resilience score nearly 0.5 higher. Drought is, not 

surprisingly, negatively correlated with HDDS resilience, as are having a female head of 

household and a high dependency ratio. Somewhat surprisingly, the nonlinear relationship 
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between age and resilience is such that heads of household in their early 40s actually have the 

lowest predicted levels of resilience, ceteris paribus. Although significant, this age effect is fairly 

small in magnitude. The positive correlation between education and resilience is large in 

magnitude and significant. 

As for TLU resilience, at both well-being thresholds we see non-linear path dynamics. 

Although decreasing returns to scale in the mean equation suggested herds above 21 TLU 

become increasingly unsustainable, the positive correlation between lagged TLU and increased 

resilience actually peaks in the mid-forties in both specifications. This suggests that while there 

may be a cost to large TLU holdings they may nonetheless increase resilience, functioning much 

as a self-insurance policy. Not surprisingly drought decreases resilience at both threshold levels, 

as does a higher dependency ratio. Female headed household have lower levels of 𝑇𝐿𝑈𝑙 

resilience, but the sex of the household head is not significant when 𝑊 = 13.5. Education is 

positively correlated with TLU resilience in both specifications, although not to the same extent 

as in the HDDS specification. 

Resilience Aggregation 

In order to aggregate following FGT, we must first select a minimum resilience 

probability threshold 𝑃. This threshold, which we set at 0.80, means that we only consider a 

household i to be resilient if it has at least an 80% probability of reaching the well-being 

threshold (𝑊). We set 𝛼 = 0 since we are interested in calculating the resilience headcount for 

the sample population. For the entire population, we have: 

𝑅0(𝝆𝑯𝑫𝑫𝑺; 7, 0.8) ≡ 1 − [
1

𝑛
∑ (

𝑔𝑖

0.8
)

0
𝑞
𝑖=1 ] = 0.136;  

𝑅0(𝝆𝑻𝑳𝑼𝒍
; 6, 0.8) ≡ 1 − [

1

𝑛
∑ (

𝑔𝑖

0.8
)

0
𝑞
𝑖=1 ] = 0.465; and 

𝑅0(𝝆𝑻𝑳𝑼𝒉
; 13.5, 0.8) ≡ 1 − [

1

𝑛
∑ (

𝑔𝑖

0.8
)

0
𝑞
𝑖=1 ] = 0.191;  

meaning that only 14% of the households in the pooled sample are HDDS resilient. When using 

the lower TLU well-being threshold, nearly 50% of households are 𝑇𝐿𝑈𝑙 resilient. The index 

measure plunges to under 20% of households achieving resilience when the higher TLU (𝑇𝐿𝑈ℎ) 

well-being threshold is considered. 

The IBLI sample population can be broken down into various subgroups by sex or 

education of the household head, nomadic status, geographic area, etc. Given the perceived 

vulnerability of female headed households, we calculate the three resilience measures by sex. 

The measure is calculated per round so that we might observe the evolution of resilience over 

time. We expect female headed households to have lower levels of resilience in each period and 

also to be affected more deeply by shock, both in depth and recovery time. The evolution of 

HDDS resilience (Figure 3) and TLU resilience (Figure 4) over time by sex of household head 

can be seen below. As predicted, the HDDS resilience of female headed households is lower in 

every period. The resilience of male and female headed households move nearly in parallel, 

although male headed households do appear to fall a bit further (in absolute terms) in response to 
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the drought shock than do female headed households. Both subgroups regain and surpass their 

R2 levels of HDDS resilience by R4. 

Figure 3:  

 

Interestingly, initial levels of 𝑇𝐿𝑈ℎ resilience are not very different for male and female headed 

households (consistent with the insignificant coefficient on female headedness in the 𝑇𝐿𝑈ℎ 

regression, column (7)), although 𝑇𝐿𝑈𝑙 resilience is considerably lower for female headed 

households in R2. Male headed households appear to be more vulnerable to TLU resilience 

losses following drought, although they also rebound more quickly and dramatically than female 

headed households. Neither subgroup manages to regain the R2 levels of TLU resilience by R4. 

0

0.2

0.4

0.6

0.8

1

2 3 4 5 6 7

R
es

ili
en

ce
 H

ea
d

co
u

n
t 

Period 

HDDS Resilience (W=7, P=.8) Headcount (𝛼=0) 
by Sex of HH Head and Nomadic Status 

Female HH

Male HH

Nomadic

Partially Nom

Settled



Cissé & Barrett (2015)  Resilience Measurement 

 17 

Figure 4:  

 

We are also interested in how HDDS and TLU resilience vary by nomadic status and 

expect nomadic households to have higher levels of TLU resilience, but lower levels of HDDS 

resilience, than fully settled households. HDDS resilience by nomadic status can be found along 

with resilience by sex in Figure 4, above. As expected, nomadic and partially nomadic 

households have much lower levels of HDDS resilience than settled households. The HDDS 

resilience of all three subgroups is affected by the shock, although while the settled households 

are able to recover their HDDS resilience by R4 that is not the case for the nomadic households. 

TLU resilience, according to both well-being thresholds, can be found in Figure 5, below. 

Regardless of which well-being threshold is chosen, nomadic households are consistently more 

TLU resilient than partially nomadic or fully settled households. The TLU resilience of nomadic 

households, in particular their 𝑇𝐿𝑈ℎ resilience, is the most impacted by the shock. As with the 

subgroups discussed in Figure X above, none of the subgroups is able to regain its R2 levels of 

TLU resilience by R4, suggesting that TLU resilience recovers more slowly than HDDS 

resilience in general. 
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Figure 5:  

 

It is easy to see in the figures above that the sample population resilience measures are 

weighted sums of the various subgroups. This is one of the benefits of using a FGT class of 

measure. Another benefit of this approach is that it allows us to produce forward looking 

resilience estimates, projecting how current period HDDS and TLU holdings will drive resilience 

in future periods. We can simulate how, for example, resilience will develop in the absence (or 

presence) of another drought shock. In the above figures, we have made a few reasonable 

assumptions about the evolution of our regressors, such as that the education of the household 

head remains unchanged while his or her age increases by one year each year, which allow us to 

project resilience estimates for each household (and therefore the aggregate subgroup resilience 

measures, as well) forward by two years. For the example here, we have assumed that no 

catastrophic drought presents itself during periods 6 or 7. The dashed lines from periods 5 to 7 in 

Figures 3, 4 and 5 show how resilience is likely to evolve over the next two years should 

households in Marsabit not suffer another catastrophic drought. These projections could, of 

course, be simulated to project the subgroup response to drought as well. 

V. CONCLUSION 

This empirical exercise demonstrates the power of the resilience index in understanding 

well-being dynamics at the individual level and in providing information on specific sub-

populations. This information is particularly useful for geographic or livelihood group targeting, 

and the sub-group resilience index can easily be tracked over time, providing useful information 

on the impact of interventions and policies on the different sub-populations of interest. 
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One possible further extension of this work is to use well-being as a state variable, possibly 

in a coupled human-ecological system, in order to better understand how resilience can be 

optimized over time. However, these resilience measures are only as good as the data from 

which one estimates them. The approach requires several rounds of household panel data, and 

the measure cannot capture determinants of resilience on which data are not collected. This 

means not only having relevant information at the household level, but also collecting data on 

pertinent community-level (or higher) characteristics and on the shocks that affect households 

and communities. Without data on intervening shocks, it is impossible for a measure to 

accurately capture how shocks affect well-being. The data concerns are concentrated at the 

identification phase. Even in cases where the data do not permit the approach to resilience 

identification discussed above, the aggregation process may prove useful. In such cases, one 

might consider qualitative approaches to resilience identification. The aggregation properties will 

still hold based on the resulting classifications.  

 

Table 2: OLS Estimates  

 (1) (2) (3) (4) (5) (6) (7) 

Variables HDDS V(HDDS) 

HDDS 

Resilience 

[W=7] 

TLU V(TLU) 

TLU 

Resilience 

[W=6] 

TLU 

Resilience 

[W=13.5] 

        

Wt−1 -1.234*** -1.354*** -0.423*** 0.991*** -4.012 0.0363*** 0.0414*** 

 (0.382) (0.439) (0.0167) (0.0642) (3.121) (0.00152) (0.00106) 

Wt−1
2  0.194*** 0.211*** 0.0705*** -0.00555*** 0.281*** -0.000514*** -0.000501*** 

 (0.0555) (0.0694) (0.00247) (0.00163) (0.0827) (4.43e-05) (3.09e-05) 

Wt−1
3  -0.00758*** -0.0100*** -0.00313*** 2.01e-05*** -0.00106*** 1.83e-06*** 1.64e-06*** 

 (0.00262) (0.00349) (0.000120) (6.85e-06) (0.000386) (2.66e-07) (1.86e-07) 

drought -0.347*** 0.145 -0.0847*** -3.775*** -3.146 -0.150*** -0.103*** 

 (0.0505) (0.115) (0.000989) (0.419) (14.22) (0.00506) (0.00381) 

feml  HH -0.00350 -0.0609 -0.00667*** -0.707** 9.564 -0.0579*** 0.00200 

 (0.0478) (0.106) (0.000929) (0.344) (10.30) (0.00465) (0.00357) 

age -0.00388 -0.0131 -0.00139*** -0.0373 0.811 -0.00188** -0.00212*** 

 (0.00755) (0.0148) (0.000191) (0.0639) (2.063) (0.000833) (0.000713) 

age
2
 4.13e-05 0.000144 1.57e-05*** 0.000374 -0.00635 1.59e-05** 1.87e-05*** 

 (6.95e-05) (0.000144) (1.74e-06) (0.000597) (0.0195) (7.95e-06) (6.59e-06) 

Educat 0.0654*** 0.00569 0.0148*** 0.184* 5.745 0.00810*** 0.0112*** 

 (0.00919) (0.0174) (0.000373) (0.0986) (5.072) (0.000688) (0.000510) 

D. Ratio -0.00589 -0.0262 -0.00129*** -0.579*** -2.319 -0.0321*** -0.0192*** 

 (0.0248) (0.0551) (0.000464) (0.162) (4.693) (0.00242) (0.00200) 

TLU -0.00161 -0.00512** -0.000749***     

 (0.00133) (0.00235) (6.21e-05)     

Constant 9.016*** 4.680*** 1.157*** 2.645 13.68 0.382*** 0.0359* 

 (0.891) (0.997) (0.0376) (1.708) (55.17) (0.0234) (0.0198) 

Relig & 

Nomadic 

Controls 

Y Y Y Y Y Y Y 

Obs 3,278 3,278 3,278 3,278 3,278 3,278 3,278 

R-squared 0.32 0.037 0.99 0.65 0.28 0.84 0.93 

Robust standard errors in parentheses 

*** p<0.01, ** p<0.05, * p<0.10 
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