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Abstract

Understanding change is critical to policy formulation. Who benefits, who

loses from change, and what causes change are core policy questions. Panel

data are central to understanding change, and this special issue of the journal

is devoted to five papers examining change in wellbeing as measured by two

waves of data from the Ethiopia Socioeconomic Survey (ESS). The papers

cover changes in consumption poverty, multi-dimensional poverty, food

security, malnutrition in the form of wasting and underweight status, and

smoothing patterns of nonfarm enterprise activities. The ESS data is freely

available for download and immediate use. While the papers in this issue draw

from the first two waves of data (2011-12 and 2013-14), the third wave of the

ESS (2015-16) is now also publicly available. The ESS is a collaborative effort

of the Central Statistical Agency of Ethiopia and the World Bank’s Living
Standards Measurement Study – Integrated Surveys of Agriculture program.
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1. Introduction

Designing policy is often about how best to induce beneficial change. Policy
aimed at reducing poverty and improving wellbeing needs to be informed
with the knowledge of what factors are related to changes in individual or
household outcomes. Repeated samples of cross-sectional data are highly
informative about levels and profiles of poverty and various dimensions of
wellbeing, and can provide measures of change at the national or regional
level. But, cross-sectional data is largely uninformative about change in
outcomes for individuals or households. In contrast, panel data such as the
recently released Ethiopia Socio-economic Survey (ESS), monitor
households over time with repeat visits and provide detailed information on
the changing status of the sample households over time.

Simply in terms of descriptive statistics, panel data offers important
information that cannot be unpacked from cross-sectional data. As one
example, using cross sectional data, World Bank (2015, Table 1) reports that
poverty in Ethiopia declined by 9 percentage points between 2005 and
2011.5 A naïve interpretation of this might be that 9 percent of the
population went from being poor in 2005 to not poor in 2011, but of course
this fails to account for households that may have become poor in this
period. All we know from the cross-sectional estimates is that (9 percentage
points) more people moved out of poverty than became poor. The cross
sectional estimates cannot tell us how many people were poor for some part
of the two time periods.

Panel data also offers significant value in reducing potential bias from
confounding factors in the regression model context. The empiricist may
observe that a household has increased income over time, while also
observing that the household has changed farming practices. Despite the
observed correlation between the two, the estimated effect of the new

5 This estimate is based on data from the Household Income and Consumption
Expenditure survey, which is nationally representative cross-sectional household
data. The estimated poverty rate in 2005, based on the national poverty line was 38.7
percent and this dropped to 29.6 percent by 2011.
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farming practice may be affected by other confounding factors biasing the
estimated parameters. For example, if unobserved ability affects both the
likelihood of adopting the new practice and the return to the new practice,
then failing to control for ability will result in omitted-variable bias in the
estimated return to adopting the new practice. Because a first-difference
estimator can essentially sweep away all time-invariant unobservable
attributes of the household (or whatever the unit of analysis), panel data
significantly reduces the potential for unobservable omitted variables to bias
regression inference.

For these reasons, panel data can play a large role in helping the researcher,
analyst and policy makers in understanding drivers of change. This special
issue presents five papers using the ESS panel data to examine changes in
poverty and other dimensions of wellbeing in Ethiopia between 2011/12
(ESS wave 1, ESS1) and 2013-14 (ESS wave 2, ESS2).

2. Overview of papers

The ESS began in 2011 (ESS1), with 3,969 rural and small town households.
In 2013, a second wave (ESS2) was administered, revisiting the ESS1
households and an additional 1,500 urban households; the panel sample
includes rural and small town households only. Four of the five papers in this
issue use these first two waves, while a fifth paper explores change within
the year, leveraging the timing of multiple household visits and recall data
within the ESS1.

The first two papers in this special issue examine cross-sectional trends and
panel dynamics of wellbeing using three different poverty measures. The
first paper examines changes in consumption and consumption-based
poverty, and compares these to changes in an index of nonmonetary aspects
of wellbeing. Poverty can be viewed as taking many different forms, ranging
widely over a set of monetary (consumption or income) and nonmonetary
dimensions (health and education). While the body of literature on poverty
dynamics is extensive, the majority of studies draw conclusions about the
dynamics of income- or consumption-based poverty only; there is a growing,
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but still relatively young, literature base on the dynamics of the multi-
dimensional nonmonetary aspects of poverty.

The authors find that, despite defining both measures of poverty to capture
the bottom 30 percent of their underlying distributions (consumption per
adult equivalent and a weighted deprivation index), only a fourth of
individuals who are poor in either dimension, are poor in both dimensions. In
other words, if someone is identified as poor as measured by consumption
deprivation, there is only a 25 percent chance that this person will also be
identified as poor as measured by deprivation in the nonmonetary index.
Similarly, there is little overlap between quintiles of annual consumption per
adult equivalent and the deprivation index in both years; again only 25
percent of the rural and small town population fall in the same quintile of
both distributions. This illustrates that the choice to use a monetary or non-
monetary measure of poverty has a meaningful impact on who will be
identified as poor at a given point in time.

When comparing the dynamics of the two poverty indicators, separately,
similar levels of movement in and out of poverty are observed. However,
even though the dynamics of multidimensional and relative consumption-
based poverty seem to tell similar stories, the authors find evidence
suggesting that changes in the two underlying values of deprivation and
consumption are independent of each other; that is, knowing what happens to
an individual’s deprivation index between waves is not informative of what
happens to that individual’s consumption over the same period, and vice
versa. Approximately 59 percent of individuals whose deprivation index
worsened between waves also experienced a decline in consumption; the
other 41 percent saw an improvement in their consumption. Similarly, nearly
53 percent of individuals who improved in their multidimensional wellbeing
actually experienced a worsening in consumption. Testing the hypothesis of
independence with a Pearson’s chi-squared statistic, results in failure to
reject the null hypothesis that the two distributions are independent
(p=0.267).



Ethiopian Journal of Economics Vol. XXV No 2, October 2016

v

The second paper similarly examines the dynamics of poverty by analyzing
changes in poverty status based on annual consumption per adult equivalent
and household asset ownership. The authors first assess changes in
consumption expenditures; in the aggregate, total and food expenditures
decreased between 2012 and 2014, while nonfood expenditures increased.
Additionally, the composition of expenditure shifted slightly; on average,
households shifted their relative share of consumption to nonfood items.
Further, as Bennett’s law of food demand predicts, forward movers (that is,
those whose expenditures increased over the waves) spent smaller shares on
starchy staples, but larger shares on nutritious foods like animal-source
foods, vegetables and fruits; conversely, backward movers increased the
proportion spent on staples and decreased the relative share spent on more
nutritious foods.6 These results show that movement in and out of poverty is
also accompanied by shifts in wellbeing as measured through quality of food
consumption.

The authors also compared dynamics of consumption-based measures of
poverty to asset-based ones. An interesting distinction with this approach is
that both of these measures are typically viewed as capturing a monetary
measure of wellbeing, though consumption is viewed as short-run daily
wellbeing, while asset indices are often interpreted as long-run proxies for
wealth. Approximately equal proportions of the population escape and fall
into consumption-based poverty between waves (15 and 16 percent,
respectively); while for asset-based poverty measures, 14 percent escaped
from poverty while 9 percent of individuals fell into poverty. This suggests
that they asset-based measure of poverty is slightly more stable (perhaps due
both to greater stability in longer-run measures and to there being less noise
in these measures). In contrast to the first paper, when testing for
independence in change of these two measures, this paper rejects the
hypothesis of independence. That is to say observing that someone has
improved in the dimension of asset-based measure of wellbeing does inform
us that this person is also more likely to have improved in the dimension of
consumption. There appears to be overlap in the signal from observing

6 For a discussion of Bennett’s law, and comparison with Engel’s related law, see
Timmer, Falcon and Pearson (1983).
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change in these two monetary measures of wellbeing despite their conceptual
dissimilarity.

Two key findings emerge from the first two papers. First, assessing changes
in wellbeing through cross-sectional trends fails to capture the extensive
amount of movement in and out of wellbeing at the individual level; and,
second, changes in one indicator of wellbeing over time do not necessarily
imply changes in another measure. The third paper explores these two
themes using yet another measure of wellbeing: food security. The authors of
this paper examine four measures of food security – two consumption-based
(calories and dietary diversity) and two-experience based (whether food
insecurity was experienced in any month, and whether any actions were
taken in response). Food insecurity is a critical issue in Ethiopia; considering
all four measures in both 2012 and 2014, the share of the food insecure
population never fell below 25 percent. Consequently, understanding the
complexities of chronic and transitory food insecurity, as well as how
consumption- and experience-based measures interact, is important for
policy design.

Similar to papers one and two, the authors of this paper find that while
insecurity appears to remain stagnant when examining cross-sectional trends,
there is actually significant movement in and out of food insecure states. For
example, although approximately 30 percent of rural and small-town
individuals had inadequate dietary diversity in both 2012 and 2014, the panel
data show that 46 percent had inadequately diverse diets at some point over
this period. Further, while many individuals demonstrated improvement in
several food security indicators over time, a substantial share of the population
saw their food security status worsen from 2012 to 2014; 23 percent of the
population transitioned from adequate to inadequate calorie consumption and
18 percent of individuals reported facing zero months of food insecurity in
wave 1 but at least one month of food insecurity in wave 2.

Comparing the four measures of food insecurity in the cross-section reveals
similar patterns of food insecurity in levels and trends; but, analysis of the
panel data shows there is very little co-movement of the measures. For most
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combinations, observing improvement in a consumption-based measure of
food security for an individual tells an observer very little about whether that
same individual has also improved in an experiential-based measure.

The fourth paper in this special issue examines the dynamics of under
nutrition among children living in rural and small-town Ethiopia. The paper
looks specifically at changes in wasting and underweight; wasting, defined
by a weight-for height z-score below -2, is a measure of acute and severe
malnutrition, while underweight, defined by a weight-for-age z-score below -2,
is a broader measure of malnutrition in children 6-59 months. Both forms are
associated with negative health, development, and long-term outcomes.
While many studies have looked at correlates of underweight and wasting in
Ethiopia using cross-sectional analysis, this paper exploits the panel setup of
the ESS to estimate fixed-effects models for changes in each outcome. The
fixed-effects model improves upon the cross-sectional analysis by
controlling for all time-invariant characteristics that may influence the
explanatory variables in addition to wasting and underweight.

The ESS data show that underweight prevalence declined slightly from 27
percent in 2012 to 25 percent in 2014, while wasting prevalence stalled at 11
percent. Male children, those with illiterate mothers, male household heads,
and older household heads, and those experiencing illness in the last two
months were significantly more likely to have negative nutrition outcomes
(lower z-scores or higher likelihood of wasting/underweight). Furthermore,
having a solid roof, improved toilet, female cow, and laying hen were
repeatedly significantly associated with positive outcomes.

While more children recovered from being underweight (16 percent) than
became underweight (11 percent), 12 percent of children were underweight
in both years, emphasizing the need to better understand what drives changes
out of undernourishment. After controlling for individual fixed effects, the
authors find that illness in the last two months remained significantly
associated with changes in both z-scores and underweight status, increasing
negative outcomes for each. Additionally, community-level access to main
road access, which was not significant in the cross-sectional models, was
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associated with positive changes in weight-for-height z-scores. When also
controlling for baseline status, they observed that factors driving changes to
or from undernourished states vary, and children wasted at baseline were
generally more responsive to household level changes than non-wasted
children. For example, children wasted at baseline saw improvements in
weight-for-height z-scores when they gained an improved toilet or water
source; non-wasted children were not statistically significantly affected by
such changes.

The final paper included in this special issue uses only the first wave of the
ESS data but adds to the literature on wellbeing dynamics in Ethiopia
through its findings on seasonal wellbeing and income generation.
Specifically, this paper explores the role non-farm enterprises (NFEs) play in
seasonal income generation, consumption smoothing, and risk mitigation.
Many studies from sub-Saharan Africa show that NFE operation is positively
correlated with household welfare and that NFEs present an opportunity for
households to smooth their income in the agricultural off-season. Gaining a
better understanding of these mechanisms in Ethiopia, where more than 20
percent of rural and small town households operate an NFE, is helpful for
developing effective and sustainable policies targeting vulnerable
agricultural households. Nearly 54 percent of NFE-operating households
report their NFEs operate seasonally. However, the authors do not find
evidence suggesting this seasonality complements agricultural activity; the
most active months for NFE activity line up with the harvest and crop sale
seasons, peaking immediately after the harvest and almost simultaneously
with the sale of crops. Furthermore, very few enterprises report high NFE
activity during planting season. Rather than using NFEs to supplement
periods of low agricultural income, households generate a disproportionately
high influx of income from the months of October to January.

Additionally, NFE households do not report lower rates of food insecurity
than their non-NFE counterparts. The authors use a negative binomial
regression model to estimate the effect of NFE income on food insecurity
spells, as measured by the number of months a household reported facing
food insecurity in the past year. One might reasonably expect two
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households at the same level of consumption -- where one is engaged in
farming and the other is engaged in farming and has an NFE -- to exhibit
different patterns of consumption throughout the year. Consequently, if
NFEs were helping households to buffer against food insecurity, one would
expect each additional 1,000 Birr of NFE income to have a negative impact
on months of food insecurity. However, this paper shows that an additional
1,000 Birr of NFE income has no statistically significant differential bearing
on months of food insecurity. Further, the authors find no correlation
between operating an NFE and facing fewer spells of food insecurity.

3. Facilitating Data Use

In releasing these articles in a special issue of this journal, our aim is both to
contribute to the literature on dynamics of wellbeing in Ethiopia and also to
highlight the potential scope of the ESS data for research covering a wide
array of topics. The ESS consists of five questionnaires. A household
questionnaire administered to all households in the sample that collects
demographic and socioeconomic details on individuals in the household. A
community questionnaire, administered to a selected group of community
members, collecting information on the socio-economic indicators of the
enumeration areas where the sample households reside.7And, there are three
agriculture questionnaires -- post-planting, post-harvest, and livestock
questionnaires -- administered to all household members who are agriculture
holders, that is those engaged in agriculture activities.8

The community questionnaire obtains information on community
organizations; resource management; changes in the community; key events;

7The community data is not necessarily representative of all communities in
Ethiopia, but is the community-level data associated with the sample of households
with are representative of the population of Ethiopia. The community data represent
information that is common to the households.
8 More specifically, a holder is a person who exercises management control over the
operations of the agricultural holdings and makes the major decisions regarding the
utilization of the available resources. S/he has technical and economic responsibility
for the holding. S/he may operate the holding directly as an owner or as a manager.
Hence it is possible to have more than one holder in single sampled households. As
a result, the ESS may include more than one agriculture questionnaire in a single
sampled household if the household has more than one holder.
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community needs, actions and achievements; access to infrastructure; and
local retail price information. The post-planting and post-harvest agriculture
questionnaires focus on crop farming activities and solicit information on
land ownership and use; farm labor; inputs use; GPS land area measurement
and coordinates of household fields; agriculture capital; irrigation; and crop
harvest and utilization. The livestock questionnaire collects information on
animal holdings and costs; and production, cost and sales of livestock by
products. In most cases the instruments are largely the same across waves of
the ESS – One exception to this is the livestock module which was revised
significantly in wave 3 of the ESS.

The household questionnaire provides information on basic demographics;
education; health (including anthropometric measurement for children);
labor and time use; saving; food and non-food expenditure; household
nonfarm income-generating activities; food security and shocks; safety nets;
housing conditions; assets; credit; and other sources of household income.
Household location is geo-referenced in order to be able to later link the ESS
data to other available geographic data sets.

To enhance the value of the ESS data, a set of geospatial variables are
included with the ESS release and re linked to the data with the geo-
referenced household locations. These variables include measures of
distance, climatology, soil and terrain, and other environmental factors. As a
specific example, there are geospatial variables measuring distance between
field and household, slope and elevation of field, and potential wetness index
for field locations. Time-series on rainfall and vegetation that identify the
ESS agricultural season relative to normal conditions, are also part of the
processed variables. All of these data are intended to provide an
understanding of how geophysical characteristics vary at the landscape level.

The Ethiopian Socioeconomic Survey is a collaborative project between the
Central Statistics Agency of Ethiopia and the World Bank Living Standards
Measurement Study- Integrated Surveys of Agriculture (LSMS-ISA)
program. The data, questionnaires, manuals, basic information documents,
and data launch reports are all freely available for download at:
http://go.worldbank.org/HWKE6FXHJ0



Ethiopian Journal of Economics Vol. XXV No 2, October 2016

xi

References

Timmer, C. P., Falcon, W.P., Pearson, S.R. (1983). Food Policy Analysis.
Published for the World Bank [by] The Johns Hopkins University
Press, Baltimore.

World Bank Group. (2015). Ethiopia Poverty Assessment. Washington, DC:
World Bank. Retrieved on April 1, 2017 from:
http://hdl.handle.net/10986/21323.



Jolliffe, Alemayehu, Tadele and Seff: An Introduction to a Special Issue of the EJE

xii



Multidimensional Poverty Dynamics in Ethiopia: How
do they differ from Consumption-based Poverty

Dynamics?1
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Abstract

Poverty can take many different forms, ranging widely over dimensions both
monetary, such as consumption or income, and nonmonetary, such as health
and education. One large class of nonmonetary measures of poverty is the
multidimensional poverty index (MPI); recent studies document that people
identified as poor in one dimension are often different from those who found to
be poor in another dimension. This paper extends the literature by examining
whether MDP dynamics are similar to the dynamics of a related consumption-
based measure of poverty. Using two waves of Ethiopian panel data (2011-12
and 2013-14) we estimate poverty based on a monetary value of real
consumption and a nonmonetary weighted deprivation index (our underlying
measure of MDP). Similar to studies for other countries, we find that the two
estimates of poverty identify significantly different groups of Ethiopians as
poor. A key contribution of this paper is the finding that changes in
consumption are largely independent of changes in multidimensional
wellbeing: Awareness that an individual’s wellbeing improved over time as
measured by improvements in the weighted deprivation index provides no
information about whether his or her wellbeing has improved where
consumption is concerned.

Keywords: Ethiopia, child malnutrition, wasting, underweight, panel data analysis
JEL Classification: C33, I10, I31
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1. Introduction

Poverty is typically measured by estimating whether an individual has
enough income, or consumes enough, to surpass some social definition of
basic needs. This approach allows for a measure that can reflect many
dimensions of wellbeing, such as consumption of food, shelter,
transportation, and many other elements; it also can rely on market-
determined prices to provide socially determined weights for each element.
The appeal is in the simplicity of relying on economic interactions to provide
assessments of the relative value of many different dimensions of wellbeing.
One concern with this approach, however, is that there are nonmonetary
dimensions of wellbeing that are excluded from the measures because there
are no prices for them, possibly resulting in badly informed poverty policy
discussions.

Alkire and Santos (2014) and Morrell (2011) both suggest that poverty is
often a product of factors extending beyond income or consumption and that
measuring it requires consideration of numerous elements and understanding
how they interact over time. Hulme and Shepherd (2003) note that measures
of poverty that focus on nonmonetary dimensions of wellbeing can serve as
an important complement to monetary-based measures to paint a more
complete picture of longer-term poverty and the experience of poverty.

Recognizing the shortcomings of monetary approaches to measuring
poverty, and the complexity of multidimensionality, Alkire and Foster
(2011) developed the now widely used Oxford Poverty and Human
Development Initiative (OPHI) Multidimensional Poverty Index (MPI),
along with the corresponding weighted deprivation index (k) and headcount
indicator of multidimensional poverty (MDP).K takes into account three
dimensions of wellbeing—health, education, and living standards—with
each dimension contributing an equal share to the index. Selection of these
dimensions and the corresponding indicators of deprivation is primarily
driven by the quality of the data available, the context of the population of
interest, and the research question (Alkire and Santos, 2010).



Ethiopian Journal of Economics Vol. XXV No 2, October 2016

3

Alkire et al. (2014) also noted that consumption- and income-based poverty
data are usually available only at intervals of three to ten years, limiting the
ability to regularly track progress and make time-sensitive policy
recommendations. In contrast, using MDP allows for flexibility in deciding
which dimensions and indicators to include, how to establish thresholds for
these indicators, and how relatively to weigh each factor of input. This
leeway is particularly beneficial given the data constraints in developing
countries. While absolute estimates of monetary poverty typically require
expansive and detailed income or consumption datasets that meet specific
international standards, MDP can be constructed using a variety of sources
of data, including Demographic and Health Surveys (DHS) and Living
Standards Measurement Surveys (LSMS).

In addition to divergences in the construction of consumption- or income-
based poverty and of MDP, comparative studies reveal that the two measures
may not necessarily be correlated. Bourguignon et al. (2010) and Alkire et
al. (2014) concluded that positive income trends do not always represent
improvements in non income deprivations. Comparing economic growth
(GDP) in India and Bangladesh between 1990 and 2011, Dreze and Sen
(2013) found that India’s dominating GDP growth was dwarfed by
Bangladesh’s progress in improving under-5mortality rates, maternal
mortality, immunization coverage, and female literacy. Examining cross-
country data for 1990 to 2008, Bourguignon et al. (2008, 2010) found no
significant correlation between non income MDGs and economic growth.
Further, few studies have estimated MDP and consumption-based poverty
from the same data. Klasen (2000) did so using a nationally representative
dataset for South Africa and identified minimal overlap (2.9 percent)
between the severely income-poor and the severely multiply-deprived; more
recently, estimates of both measures of poverty were released by the
Government of Bhutan using Bhutan’s Living Standard Survey 2012 (Royal
Government of Bhutan, 2014). For developed countries, Nolan and Whelan
(2011) in their study of 26 European countries did not find any in which
more than 50 percent of individuals experienced poverty in
income and material deprivation indicators. Finally, in an analysis of 22
developing countries, Alkire and Roche (2013) found that only two countries
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exhibited statistically similar trends over time for both income-based and
multidimensional poverty reduction.

Progress in reducing poverty is typically assessed by comparing cross-
sectional trends over time. This method provides valuable information about
changes in poverty among the population as a whole and helps us understand
the risk factors for poverty at a given point in time, but it does not provide
insight into the dynamics of poverty, such as identifying what characteristics
determine whether a household transitions from poor to nonpoor and vice
versa. However, panel data, which follow the same individuals or households
over time, make it possible to capture more refined changes in poverty and
thus assess poverty dynamics. Panels make it possible to look at the likelihood
of moving in and out of poverty and to identify determinants of chronic vs.
transient poverty. The latter is a crucial distinction; while chronic poverty may
be more responsive to asset allocation and an increase in physical capital
infrastructure, transient poverty typically requires safety nets or cash transfer
programs (Baulch and Hoddinott, 2000; World Bank, 2001).

The literature on poverty dynamics is extensive, but the majority of the
studies draw conclusions only about the dynamics of income- or
consumption-based poverty (see Bane and Ellwood, 1986; Barrett, 2005; and
Woolard and Klasen, 2005 for a few examples). However, there is a
growing, though still relatively young, literature on the dynamics of MDP
(Apablaza and Yalonetzky, 2013).These studies suggest that changes in
MDP take place much more slowly than in monetary-based poverty. Since
being considered multidimensionally nonpoor necessitates accumulation of
assets and increased investment in health and education, households are not
likely to move in and out of MDP rapidly or repeatedly. For this reason, it is
widely agreed that MDP is more indicative of long-term poverty. A
household’s consumption- or income-based poverty status, on the other
hand, can change rapidly (Alkire and Roche, 2013) with a sudden increase in
income (moving the household out of a poor state) or an idiosyncratic shock
(moving the household into a poor state). Finally, while some studies (as
noted above) compare trends in consumption-based poverty and MDP, very
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few have looked at the extent to which these two indicators co-move at the
household level.

The Ethiopia Socioeconomic Survey (ESS)4 dataset used in this analysis is
unique in two ways: (1) It ambitiously follows a panel sample of Ethiopian
households that is representative of all rural and small-town households,
allowing for analysis of MDP trends and dynamics over time. (2) In addition
to collecting data on well being that can be used as inputs for MDP, the ESS
has detailed consumption and income modules which enable us to compare
trends and dynamics of poverty using both traditional and multidimensional
measures. Our findings suggest there have been mild declines in MDP
among rural and small-town Ethiopians. Of nine deprivations studied, lack
of access to an improved water source saw the largest decline, falling
about11.1 percent between 2012 and 2014.Panel data analysis reveals that
nearly 82percent of households were poor in both waves (were chronically
multidimensionally poor), 4 percent fell into poverty between the waves, 8
percent escaped poverty, and 6 percent stayed nonpoor.

We also find that the bottom 30 percent of the distributions of k and
consumption per adult equivalent contain minimal overlap; among those in
the bottom 30 percent of the distribution in either dimension, only 35 percent
fall in the bottom of the other dimension. We then contribute to the literature
on the dynamics of wellbeing by finding considerably different patterns of
mobility for individuals when k is compared with consumption; an
individual’s change in k thus provides no insight into his or her change in
consumption, and vice versa. We also find evidence suggesting that adverse
shocks are picked up by nonmonetary but not monetary measures of poverty,
which further supports the notion that policymakers tracking changes in
wellbeing would be wisest to apply both monetary and nonmonetary
measures.

4 The ESS is a collaborative project of the Central Statistics Agency of Ethiopia
(CSA) and the World Bank Living Standards Measurement Study- Integrated
Surveys of Agriculture (LSMS-ISA) project that collects multitopic panel data at the
household level.
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In what follows, section 2 describes the data and construction of the
multidimensional estimates of poverty. Section 3 presents cross-sectional
trends and panel dynamics for MDP. Section 4 explores differences between
MDP and consumption-based poverty, as well as between the underlying
indicators, in both the cross-section and dynamically. Section 5 discusses the
findings, and section 6 concludes.

2. Study Setting and Data
2.1 Study Setting

MDP in Ethiopia is quite high, especially compared to other countries in the
region (Alkire and Roche, 2013). In 2011, according to OPHI estimates
derived from DHS data, 87.3 percent of Ethiopians were multidimensionally
poor5, making it the second poorest country in the world in this dimension
(OPHI, 2013). Between 2005 and 2011, MDP declined only 2.2 percentage
points (pp); in the same period, income poverty declined more than twice as
fast (Alkire and Roche, 2013). Yet using the national monetary poverty line,
in 2011 only 29.6 percent of the Ethiopian population was considered poor
(World Bank, 2015).

Dercon and Krishnan (2000) looked at the dynamics of consumption-based
poverty in rural Ethiopia using data from three points in time, each six
months apart, and found that 30 percent of rural Ethiopian households were
‘sometimes poor’ and 24.8 percent were ‘always poor’. In comparing a
consumption-centric poverty measure to MDP, Brück and Kebede (2013)
hypothesized that in rural Ethiopia short-term shocks impact consumption
poverty and simultaneous long-term shocks affect MDP. Theyfound that
drought plays a role only in consumption poverty. Furthermore, they found
that a large segement of households are either exclusively MDP or
consumption-poor and thatsome MDP households are among those in the top
quintile of consumption.

5 OPHI defines MDP at k>= 0.33.
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2.2 Data

We analyzed data from two waves of the ESS, which began as the Ethiopia

Rural Socioeconomic Survey (ERSS) in 2011 (ESS1). The first wave of data
collection covered only rural and small-town areas. In 2013, when a second

wave of the survey was administered, the sample was expanded to urban

areas (ESS2). Our analysis was restricted to the panel sample, which is

nationally representative of all rural and small-town areas in Ethiopia. For
the panel sample, the survey was conducted in a series of three visits: the

post-planting questionnaire was administered between September and

October of 2011 (ESS1) and 2013 (ESS2); the livestock questionnaire in
November of 2011 (ESS1) and 2013 (ESS3); and the household, community,

and post-harvest questionnaires between January and April of 2012 (ESS1)

and 2014 (ESS2).

The ESS used a stratified, two-stage sampling scheme6. The regions of

Ethiopia served as the strata, from which enumeration areas (EAs) were

selected proportionally based on the regional population7. A total of 290 EAs
were selected from rural areas and 43 from small towns; 12 households were

then chosen from each EA. The first wave had an extremely low

nonresponse rate of 0.7%; the final interviewed sample was 3,969
households. Tracking between ESS1 and ESS2 was done at the household

level and at 4.9 percent the attrition rate was also very low, producing a

sample of 3,776 households which were surveyed in both waves. To
maintain the same balanced panel sample for all analyses, we further

restricted the final analytical sample by excluding households for which

information was missing on any of the nine deprivations or on real

consumption per adult equivalent. Restricting households with such item
nonresponses resulted in a loss of 15 percent of the sample, for a final

6 For detailed information on the sampling design, see the Basic Information
Document at http://go.worldbank.org/ZK2ZDZYDD0.
7 Due to sample size constraints, the data are only regionally representative for the
most populous regions: Amhara, Oromiya, SNNP, and Tigray.
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balanced sample of 3,197 households8.

2.3 Weighted Deprivation Index and MDP

We used the OPHI methodology as a guide in creating our weighted
deprivation index; because the ESS is an extensive survey, we were able to
include in it nearly all OPHI-defined deprivations. However, a few
modifications were needed because we were using only one data source (of
course, the gain is that we were able to use panel data to analyze the dynamics
of MDP).Figure 1illustrates where our list of deprivations diverges from those
in the OPHI index9.In line with the OPHI methodology, we incorporate three
dimensions of wellbeing— education, health, and living standards—with each
dimension weighted to represent one-third of the index. Individual indicators
are weighted equally within a given dimension (Figure 1).

Deprivations from OPHI’s methodology incorporated into our index were10:
1a. At least one child aged 7-15 years in the household is not attending
school. 1b. No one in the household has at least six years of education. 2b.
Household does not have access to an improved water source. 2c. Household
does not have access to improved sanitation. 3a. Household does not have
access to electricity. 3b. Household does not have a finished floor. 3c.
Household does not use solid cooking fuel. 3d. Household does not have a

8 A household is in our final balanced sample only if it is in both waves and not
missing any variables of interest. However, this does not guarantee the composition
of the households is the same in both waves. A panel household may, for example,
have four members in wave 1 and five in wave 2.
9Dimensions and indicators are often selected based on data constraints as well as
alignment with researcher aspirations. While Alkire and Santos (2010) used child
mortality and nutrition as health indicators, due to data availability constraints Brück
and Kebede (2013) used child mortality and adult morbidity, which suggests
indicating the flexibility of MDP measures. Brück and Kebede also added access to
water as their study’s living standard indicator in line with the Millennium
Development Goals. Alkire and Santos also used nested weights in which
dimensions and the indicators within them are weighed equally. By calculating
significance probabilities, Brück and Kebede found indicators within dimensions to
be highly dependent on one another, which suggested their appropriate
categorization.
10 Indicator numbers correspond to those in Figure 1.
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radio, television, or phone, or the household lacks a transportation asset as
well as land, livestock, or a refrigerator. In contrast to OPHI’s k, our index
does not include an indicator of recent cases of mortality within the
household because this information was only collected in wave 2 of the ESS
and thus cannot be assessed in the panel dimension.

The other primary difference between the two indices is found in deprivation
2a: in the OPHI methodology, this indicator takes into account both child
and adult malnutrition, whereas our indicator provides information only
about child malnutrition. Thus, deprivation 2a in our index is defined as the
household having at least one stunted child aged 6-59 months.11

11Households ineligible for a certain deprivation are automatically considered ‘not
deprived’. For example, for deprivation 2a, households with no children aged 6-59
months are not deprived.
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Figure 1: Constructing k, divergences from OPHI
OPHI index Our index Criteria for deprivation

1. Education
(1/3)

Years of schooling
(1/6)

Years of schooling
(1/6)

1a. At least one child aged 7-15 years is not
attending school

School attendance
(1/6)

School attendance
(1/6)

1b. No one in the household has at least 6 years of
education

2. Health
(1/3)

Child mortality (1/6) Nutrition (1/9)
2a. At least one 6-59-month-old child in the
household is stunted

Nutrition (1/6)
Water (1/9)

2b. Household does not have access to an
improved water source

Sanitation (1/9)
2c. Household does not have access to an improved
sanitation facility

3. Living
Standards
(1/3)

Electricity (1/18)
Electricity (1/12) 3a. Household does not have access to electricity

Sanitation (1/18)

Water (1/18)
Floor (1/12) 3b. Household does not have a finished floor

Floor (1/18)

Cooking fuel (1/18)
Cooking fuel 1/12)

3c. Household does not use solid cooking fuel
(uses wood, charcoal, leaves, or manure)Assets (1/18)
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To classify a household as poor or nonpoor, a minimum number of weighted
dimensions are established and only those who are deprived in dimensions
exceeding this value are considered poor (Alkire and Foster, 2011). OPHI
traditionally uses a cutoff of k>=0.33 to define the poverty threshold. We
analyze results separately, using two different cutoff points:(1) We use the
standard cutoff of k>=0.33 to make results comparable with external
estimates of MDP. (2)We identify the value of k in each wave such that the
proportion of individuals experiencing MDP matches the proportion facing
relative consumption-based poverty (approximately 30 percent in rural and
small-town areas).1220By allowing k to change each year, this estimate
(hereafter referred to as multidimensional-equivalent poverty [MDEP])can
similarly be thought of as a relative nonmonetary estimate of poverty.

3 Results
3.1 Trends in MDP

The ESS data suggest that between 2012 and 2014MDPdeclined in rural and
small-town areas of Ethiopia from 90 to 86 percent. Table 1 highlights trends
for each deprivation, elucidating which dimensions are likely to have been
responsible for the4pp decrease in MDP. Deprivation 2b, having no access to
an improved source of drinking water13, saw the largest decline, from 47.7
percent to 36.5 percent. This improvement is in line with the progress
observed from 2000 to 2011, when the proportion of those without access to
improved water fell from 82 to 59 percent (Ambel et al., 2015)14. Mild
improvements are also observed for deprivations 1b and 3d, suggesting that,
on average, households are becoming more educated and are acquiring more
communication, transportation, and other assets. In both years the prevalence

1220This is derived from the official rural prevalence of poverty in 2010/11 reported
by Ethiopia’s Ministry of Finance and Economic Development.
13 Improved water sources as defined by WHO (2006) consist of water piped into a
dwelling, water piped into a yard or plot, a public tap or standpipe, a tubewell or
borehole, a protected dug well, a protected spring, bottled water, or rainwater.
14 Note that the 2000-2011 estimates are derived from a different data source, the
Welfare Monitoring Survey (WMS), a nationally representative survey carried out in
2000, 2005, and 2011. Nonetheless, both our results and those of Ambel, Mehta, and
Yigezu (2015) highlight similar patterns of change in access to improved water.
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of deprivations in household use of solid cooking fuel and ownership of a
finished floor hovered near 97 percent. Finally, we do not observe
statistically significant worsening in any single deprivation.

Table 1: Trends in deprivations underlying k

2012 (SEs) 2014 (SEs) 2014-2012
1a. At least 1 child aged 7-15 not in school 0.272 0.277 0.005

(0.016) (0.014)
1b. No one in household has at > 6 years of
education

0.663 0.601 -0.062***

(0.017) (0.018)
2a. A child aged 6-59 months is stunted 0.244 0.213 -0.031**

(0.013) (0.012)
2b. No access to improved drinking water 0.476 0.365 -0.111***

(0.031) (0.028)
2c. No access to improved sanitation 0.394 0.407 0.013

(0.025) (0.024)
3a. No access to electricity 0.873 0.855 -0.018**

(0.016) (0.017)
3b. Household does not use solid cooking
fuel

0.972 0.984 0.012

(0.013) (0.005)
3c. Household does not have a finished floor 0.961 0.958 -0.003

(0.006) (0.006)
3d. Household missing community or
mobility/livelihood asset

0.612 0.546 -0.066***

(0.019) (0.018)

Note: Difference is significant at *p<0.1; **p<0.05; ***p<0.01. Observations are
weighted to make results representative of all rural and small-town individuals in
Ethiopia. Balanced panel sample size was 3,197 households in each wave. Standard
errors are adjusted for stratification and clustering.

After constructing the weighted sum of all nine deprivations, k, we compare
shifts in its distribution between waves 1 and 2. We observe mild
improvements in the distribution; with mass shifting to the left in 2014 (see
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Figure 2). Furthermore, we observe at least some improvement across the
entire distribution; the proportion of individuals with extremely high k

values also decreases slightly between 2012 and 2014, signaling some
progress among those suffering from extreme MDP. However, the
improvements observed on the left side of the distribution (where individuals
exhibit fewer deprivations) are greater in magnitude than those observed
among the extremely poor.

Figure 2: Distribution of deprivation (k), 2012 and 2014

While Figure 2 tells us about the overall changes in k at the national level, it
provides no insight into the average magnitude of change experienced at the
individual level. However, using a panel dataset, we can assess the average
size of the changes individuals experienced in multidimensional wellbeing
between waves 1 and 2.Figure 3 presents the distribution of change in k. As
expected given the modest shifts to the left, over the same period we find
that more individuals enjoyed a decline in deprivations (47 percent) than
accumulated more deprivations (33 percent). Nonetheless, we still see a
considerable mass centered around zero. In wave 2 nearly 38 percent of the
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population deviated less than 0.1 from their wave 1 k value, and 20 percent
experienced no change in their deprivation index.

Figure 3: Distribution of change in deprivation (k), 2012-2014

3.2 MDP Dynamics

Table 2 portrays the dynamics of MDP in rural and small-town Ethiopia
between 2012 and 2014. Some 82 percent of households are chronically
poor, meaning that in both waves their deprivation index was at least
k=0.33.Movement in and out of MDP was minimal—only 11 percent of
households experienced a transition; however, nearly twice as many
households exited than entered poverty (7.54 vs. 3.69 percent).Perhaps not
surprisingly, these dynamics vary significantly by rural and small-town area
and between regions. While 86 percent of households in rural areas are
chronically multidimensionally poor, this is a persistent burden for only 38
percent of small-town households. Furthermore, the share of small-town
households exiting poverty between 2012 and 2014 is more than double the
proportion doing so in rural areas (16.71 vs. 6.88 percent).
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Amhara exhibits the highest burden of chronic poverty: more than88 percent
of its households were poor in both waves. SNNP, with only 78 percent of
households in chronic poverty, also has the highest relative share, 9.67
percent, of households that were nonpoor in both waves. The largest relative
decline in poverty between waves 1 and 2 is observed in the ‘other regions’
category, where 10 percent of households improved their multidimensional
wellbeing and exited poverty. In Amhara only 6 percent of households
exited poverty.

Table 2: MDP dynamics, k=0.33

Poor in
both

waves

Become
poor in
wave 2

No
longer
poor in
wave 2

Not poor
in either

wave

Sample size
(households)

Total 82.47 3.69 7.54 6.30 3,197

Rural 85.65 3.38 6.88 4.09 2,799
Small town 38.44 7.99 16.71 36.86 398

Amhara 88.47 2.12 5.63 5.78 715
Oromiya 82.67 4.62 8.10 4.61 636
SNNP 78.30 3.99 8.05 9.67 848
Tigray 81.32 4.24 8.30 6.13 337
All other regions 80.77 2.45 9.52 7.25 661

Note: Observations are weighted to make results representative of all rural and
small-town individuals in Ethiopia. Balanced panel sample size consists of 3,197
households.

Next, we analyze the dynamics of each individual deprivation separately,
according to the category of a household’s poverty dynamic. This helps us
assess the extent to which households within a given category look similar in
terms of specific deprivations. This analysis can be particularly insightful for
the two transitioning groups of households. For example, do nearly all
households moving out of an MDP state between waves see an improvement
in a particular deprivation? Similarly, what new deprivation may be causing
a household that was previously nonpoor to enter a poor state?
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Regarding the latter question, we find that households moving into poverty
in wave 2 are significantly more likely than any other group to become
deprived in indicators 1a, 1b, and 3d, meaning they are most likely falling
into MDP due to a decline in their education levels, participation, or living
standard assets. Conversely, households that exit poverty are most likely to
experience an improvement in indicators 1b and 3d, as well as in 2b. Thus, a
household’s escape from poverty is most likely driven by asset acquisition,
increased investment in duration of education, and new access to an
improved water source. We also find that housing-related deprivations (3a,
3b, and 3c) represent the most prevalent chronic deficits for all four poverty
dynamic groups and are virtually universal among the chronically poor; for
example, in both waves 97.9 percent of chronically poor households do not
use solid cooking fuel.1521

Figure 4: Dynamics of deprivations, by poverty dynamics category

15 Ballon and Apablaza (2012) note similarly high levels of housing-related
deprivations among those chronically suffering MDP in Indonesia.
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4 MDP and Consumption-Based Poverty
4.1 Contrasting MDP and Consumption-based Poverty in the Cross-

section

In the previous section, we used an MDP cutoff of k>=0.33to mimic the
standard cutoff approach. To better assess the overlap between
multidimensional and consumption-based poverty, which is significantly
lower than MDP defined using a k>=0.33 cutoff, we look at a new estimate
of MDP that uses a more severe threshold. We identify the k cutoff such that
MDP equals consumption-based poverty in wave 1 (30 percent among rural
and small-town households), and relative consumption-based poverty in
wave 2 (also the bottom 30 percent among rural and small-town
households). The corresponding weighted deprivation values are k>=0.72 in
wave 1 and k>=0.67 in wave 2; households with a k value above or equal to
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0.72 in wave 1 (or above or equal to 0.67 in wave 2) are considered to be
MDEP16.22In this section, we explore the extent to which these two estimates
of poverty identify the same individuals as poor, as well as compare overlap
in the two underlying indicators, consumption and k.

Tables 3a and 3b depict the overlap and mismatch between MDEP and
consumption-based poverty estimates in 2012 and 2014.Dual poverty,
defined as falling in the bottom 30 percent of the distributions of both real
annual consumption per adult equivalent and k, was 12 percent among rural
and small-town households in both years. Oromiya has the lowest prevalence
of dual poverty at 8 percent in both 2012 and 2014.Nationally, more than
half of individuals considered poor in one dimension are not considered poor
in the other. This dissonance can have important implications for policy
development targeted towards the ‘poor’.

Furthermore, those that are MDEP but not monetarily poor as compared to
the reverse are not consistent across regions. For example, in both years, in
SNNP the relative burden of consumption-based-only poverty is greater than
that of MDE-only poverty. In Oromiya, the opposite is true; the prevalence
of MDEP-only is nearly double that of consumption-based-only poverty.
The minimal overlap observed between the two estimates of poverty
parallels findings from similar studies in other countries.1723

1622See Appendix Table A for the MDEP dynamics (similar to Table 3).
1723See presentations from the OPHI workshop, “Dynamic Comparison between
Multidimensional Poverty and Monetary Poverty” at
http://www.ophi.org.uk/workshop-on-monetary-and-multidimensional-poverty-
measures/.
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Table 3a: Overlap of consumption-based poverty and MDEP, 2012

MDEP Poor Poor Nonpoor Nonpoor
Overlap

Consumption-based Poor Nonpoor Poor Nonpoor

National (rural and
small town)

0.12 0.16 0.18 0.54 0.66

Rural 0.13 0.17 0.18 0.53 0.66

Small town 0.03 0.01 0.17 0.78 0.81

Domains of analysis

Amhara 0.18 0.18 0.25 0.39 0.57

Oromiya 0.08 0.17 0.11 0.64 0.72

SNNP 0.12 0.11 0.21 0.55 0.67

Tigray 0.11 0.17 0.15 0.57 0.68

All other regions 0.12 0.20 0.16 0.52 0.64

Note: Observations are weighted to make results representative of all rural and
small-town individuals in Ethiopia. Balanced panel sample consists of 3,197
households.

Table 3b: Overlap of consumption-based poverty and MDEP, 2014

MDEP Poor Poor Nonpoor Nonpoor
Overlap

Consumption-based Poor Nonpoor Poor Nonpoor

National 0.12 0.16 0.18 0.53 0.65

Rural 0.13 0.17 0.18 0.52 0.65

Small town 0.02 0.04 0.16 0.78 0.80

Domains of analysis

Amhara 0.16 0.18 0.24 0.42 0.58

Oromiya 0.08 0.17 0.13 0.61 0.69

SNNP 0.16 0.10 0.22 0.53 0.69

Tigray 0.09 0.16 0.14 0.61 0.70

All other regions 0.12 0.20 0.21 0.47 0.59

Note: Observations are weighted to make results representative of all rural and small
town individuals in Ethiopia. Balanced panel sample consists of 3,197 households.
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Tables 4a and 4b demonstrate where individuals fall on the intersection of
the distributions of annual consumption per adult equivalent and k. In 2012,
only about 27 percent of rural and small-town Ethiopians fell into the same
quintile of both distributions; 34 percent of individuals were one quintile
apart when the two indicators were compared; and 39 percent were two or
more quintiles apart. The pattern in 2014 was similar. This supports our
assertion that whether we use a monetary or nonmonetary measure of
poverty makes a difference in who will be identified as poor. In fact, 73
percent of individuals would be placed in a different quintile depending on
whether or not wellbeing was being defined by consumption or by
deprivations in nonmonetary dimensions.

Table 4a: Cross-tabulation of consumption and k quintiles, 2012

Consumption
quintiles

Quintiles of k (weighted deprivation index)

Poorest 2nd 3rd 4th Wealthiest

Poorest 5.98 4.34 3.38 3.29 2.99

2nd 5.06 4.57 2.74 3.76 3.74

3rd 3.63 2.86 3.95 4.92 4.26

4th 2.96 3.82 3.12 4.47 5.93

Wealthiest 1.76 2.35 3.18 5.3 7.63

Table 4b: Cross-tabulation of consumption and k quintiles, 2014

Consumption
quintiles

Quintiles of k (weighted deprivation index)

Poorest 2nd 3rd 4th Wealthiest

Poorest 5.46 3.87 5.48 3.5 2.48

2nd 5.09 3.17 4.37 3.65 3.86

3rd 3.08 3.41 5.01 4.77 4.5

4th 2.02 3.04 4.66 3.8 5.78

Wealthiest 1.14 2.17 4.33 3.78 7.57

Note: Green cells represent individuals who fall in the same quintile whether the
underlying variable is k or consumption; yellow individuals classified as one quintile
apart; and red individuals who are two or more quintiles apart depending on the
underlying variable.
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4.2 MDEP and Consumption-based Poverty Dynamics Compared

In the previous subsection, we discovered significant differences in the
distributions and corresponding poverty estimates between measures of
MDEP and a relative measure of monetary wellbeing (for both measures, we
define as poor an individual who falls in the bottom 30 percent of the
distribution). This finding underscores the fact that numerous factors must be
considered when deciding which measure to use for calculating poverty or
identifying particularly vulnerable groups. In this subsection, we compare
the dynamics of multidimensional and monetary wellbeing between the two
waves and find significant differences in panel dynamics between the two
measures, as well as evidence suggesting there is little to signal changes in k

and changes in consumption.

Figure 5 contrasts the dynamics of MDEP and relative consumption-based
poverty. Depictions of chronicity differ depending on the underlying measure.
In contrast to the 17 percent of rural and small-town Ethiopians who face
chronic MDEP, using traditional consumption-based estimates only 14 percent
are identified as chronically poor. We also find that consumption-based
poverty shifts more substantially, with nearly 31 percent moving in or out of
poverty between 2012 and 2014; only 26 percent of households transitioned
between multidimensionally poor and nonpoor states.

Figure 5: Dynamics of MDEP and relative consumption-based poverty,
Percent

MDEP Consumption-based poverty

Wave 2 Wave 2

Poor Nonpoor Poor Nonpoor

W
av

e 
1 Poor 16.6 12.4 14.4 14.4

Not poor 11.6 59.4 16.2 55.0

Note: Dark red cells represent chronically poor individuals, light red those who fell
into poverty between waves 1 and 2, light green those who have exited poverty, and
dark green those were not poor in either wave.
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The marked difference in movement over time between k and annual
consumption per adult equivalent is demonstrated in Figures 6 and 7. The
scatter plot of annual consumption per adult equivalent (expressed in
percentiles) between 2012 and 2014 is widely dispersed. Though households
are more densely concentrated along the 45-degree line of equality, there is
still significant variation. This suggests that it is relatively easy for a
household to move substantially up or down the consumption gradient over a
short period; a sizable proportion of households in the top quintile of
consumption in 2012 fall into the bottom quintile in 2014, and vice versa. In
comparison, the scatter plot of k is significantly more concentrated at the line
of equality. There are effectively no households with k<0.20 in 2012 but
k>0.80 in 2014, or vice versa.

Figure 6: Annual consumption per adult equivalent, 2012 and 2014,
percent

These findings suggest that real annual consumption per adult equivalent, the
underlying variable for consumption-based poverty, is significantly more
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volatile thank, the input variable for MDEP, and that the k value in wave 1 is
more predictive of the k value in wave 2. In fact, while the k values of the
two waves have a statistically significant correlation coefficient of 0.662,
consumption in wave 2 is correlated only 18 percent with wave 1
consumption. Put another way, having information about an individual’s k
value in wave 1 helps predict the k value in wave 2, but knowing an
individual’s consumption in period 1 does not help to accurately predict
consumption in wave 2.

Figure 7: Weighted deprivations index (k), 2012 and 2014

Furthermore, knowing what happens to an individual’s k between waves
does not provide any useful information about what happens to that
individual’s consumption, and vice versa. Approximately 59 percent of
individuals whose k worsened between waves also experienced a decline in
consumption; the other 41 percent saw their consumption improve (see
Table 5a).Similarly, for nearly 53 percent of individuals who improved in k

their consumption actually worsened. In fact, using the Pearson’s chi-
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squared test of independence, we fail to reject the null hypothesis that the
two distributions are independent (p=0.267).

Table 5a: Contrasting changes in k and changes in consumption

Real consumption per
adult equivalent

K
Total

Worsened
Stayed the

same
Improved

Worsened 0.191 0.112 0.297 0.552

Improved 0.139 0.091 0.218 0.448

Total 0.330 0.203 0.475 1.000

Note: A Pearson’s chi-squared test of independence fails at p=0.267 to reject the null
hypothesis that the two variables are independent of each other. Observations are
weighted to make results representative of all rural and small-town individuals in
Ethiopia. The balanced panel sample covers 3,197 households.

However, if we aggregate information on k and consumption so that we are
looking at changes over certain thresholds rather than just increases or
decreases, we do observe some signaling between the two categorical
distributions. Panel A in Table 5b demonstrates the contingency table for
consumption-based poverty and MDP (defined as k>=0.33). Given the
considerable mass centered in the middle (60.6 percent of individuals do not
move past the threshold in either dimension), we find that there is some
dependence between the two distributions. Using Pearson’s chi-squared test
of independence, we reject the null hypothesis that the two distributions are
independent at p=0.003. An individual’s movement in or out of MDP does
provide some information content on that individual’s movement in or out of
consumption-based poverty. However, we find that this signal declines
substantially if the k threshold is increased to match that for MDEP. Here
(see Panel B in Table 5b), we reject the null hypothesis with only minimal
confidence.
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Table 5b: Contrasting changes in relative consumption-based poverty,
MDP, and MDEP

Relative consumption-
based poverty

Panel A -- MDP
Total

Worsened
Stayed the

same
Improved

Worsened 0.002 0.153 0.007 0.162

Stayed the same 0.032 0.606 0.056 0.694

Improved 0.002 0.131 0.011 0.144

Total 0.037 0.890 0.069 1.000

Panel B --MDEP

Worsened 0.028 0.112 0.023 0.162

Stayed the same 0.073 0.536 0.085 0.694

Improved 0.016 0.113 0.016 0.144

Total 0.116 0.760 0.124 1.000
Note: A Pearson’s chi-squared test of independence for Panel A fails, at p=0.003, to
reject the null hypothesis that the two variables are independent of each other. For
Panel B, at p=0.069 the test also fails to reject the null. Observations are weighted to
make results representative of all rural and small-town individuals in Ethiopia. The

balanced panel sample covers 3,197 households.

The findings presented in Tables 5a and 5b pose a dilemma for policymakers
because consumption and k are two measures that should both be measuring
wellbeing but they are not moving together. How should policymakers
evaluate the content of these two measures, both of which are presumed to
be measuring wellbeing? We explore this issue by examining how each of
the measures is correlated with adverse shocks that should presumably be
adversely affecting both measures. We find that shocks are driving
movement as expected with MDEP but not with relative consumption-based
poverty.

Table 6 presents mean values for having experienced various shocks
between waves 1 and 2, according to an individual’s poverty dynamic group
as measured through monetary and nonmonetary dimensions. We also
compare estimates between groups with the same baseline poverty status; for
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instance, among those who were nonpoor in 2012, we examine whether there
are observed differences in experiencing a shock between waves for those
that remained nonpoor vs. those who fell into poverty.

Table 6: Exposure to shocks across poverty dynamic categories, MDEP
and consumption-based poverty

Poor in
both

waves

Become
poor in

W2

No
longer
poor in

W2

Not poor
in either

wave

Diff. for
moving
out of

poverty

Diff. for
moving

into
poverty

(i) (ii) (iii) (iv) (i)-(iii) (ii)-(iv)

MDEP

Any shock in last 12 mos 0.46 0.46 0.40 0.32 0.063 0.148**

Food price shock 0.15 0.22 0.15 0.09 -0.001 0.130***

Natural disaster 0.20 0.13 0.14 0.10 0.055 0.027

Price of agric. input shock 0.09 0.18 0.11 0.08 -0.022 0.094**

Loss of livestock 0.06 0.05 0.06 0.03 0.003 0.023

Death/illness in household 0.13 0.10 0.12 0.11 0.012 -0.006

Relative consumption-based poverty

Any shock in last 12 mos 0.37 0.39 0.34 0.37 0.030 0.022

Food price shock 0.16 0.17 0.10 0.11 0.060 0.064**

Natural disaster 0.17 0.12 0.14 0.11 0.027 0.009

Price of agric. input shock 0.07 0.10 0.07 0.11 -0.003 -0.010

Loss of livestock 0.02 0.07 0.04 0.04 -0.015 0.038

Death/illness in household 0.12 0.10 0.07 0.13 0.049 -0.023

Note: The values are mean values of the row labels within each poverty dynamic
category. For example, the top left cell can be translated as ‘46 percent of
chronically MDEP households have experienced a shock between waves 1 and 2’.
MDEP is defined as having k>=0.72 in wave 1 and k>=0.67 in wave2. Observations
are weighted to make results representative of all rural and small-town individuals in
Ethiopia. Differences and F-tests are significant at *p<0.1; **p<0.05; ***p<0.01.
The balanced panel sample covers 3,197 households in each wave.

Among households that were not MDE poor in 2012, those that fell into
poverty were 15pp more likely to have experienced a shock between the two
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waves. This pattern is not observed when looking at movement across
consumption-based poverty dynamics categories. Furthermore, MDEP
appears to shift depending on whether the shocks were to food prices or
agricultural input prices. Thus, from a policy standpoint MDEP has the
desirable quality that it is correlated with something that can be expected to
have adverse effects on wellbeing.1824

Whether or not this finding is generalizable, we consider it a useful insight
for Ethiopia.

5 Discussion

The evidence suggesting that shocks can drive changes in nonmonetary
measures of poverty implies that k can be a useful indicator for monitoring
reactions to adverse shocks. One possible explanation for why the
consumption poverty measure does not seem to identify these same shocks
as clearly is that consumption may contain more measurement error (as
suggested by the evidence on the sensitivity of measured consumption to
questionnaire design) than is found in k.

The susceptibility of income and consumption data to measurement error is
widely recognized (see, e.g., Bound and Krueger, 1991; Pischke, 1995). Due
to the time and financial burdens associated with diaries, ESS consumption
data are collected using recall questionnaires. Sarkar (2012) suggests
respondent recall error can contribute to mismeasurement in actual
consumption. Furthermore, the length of the period recalled can affect a
respondent’s recall: Longer periods make it harder for the respondent to
correctly remember consumption behaviors, but shorter periods may lead to
magnification of recall bias, since reported consumption will have to be
scaled up more to calculate annual consumption. The latter is particularly

1824The Alkire-Foster method (2011) allows for significant flexibility in selecting
components. The process of choosing deprivations for inclusion in the underlying
index is arbitrary and largely dependent on data availability. Given the components
selected for measuring MDP here, it is perhaps not surprising that changes in MDEP
are correlated with exposure to certain shocks.
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problematic for food consumption data which, typically and in the case of
the ESS, are collected for the 7 days preceding the survey. In fact, Lanjouw
and Lanjouw (1997) suggest that there can be considerable mismeasurement
of food consumption and expenditure in household surveys.(For further
evidence of the sensitivity of measured consumption to questionnaire design,
see Jolliffe, 2001; Winter, 2003; Pradhan, 2009; Beegle et al. 2012;
Browning et al. 2014; and Jolliffe et al., 2014.)

Furthermore, consumption-based poverty estimates require numerous inputs
in addition to household survey reports of consumption. These factors,
among them spatial and temporal price indices, prices for nonpurchased
goods, and equivalence scales, are vulnerable to their own measurement
errors (Deaton, 2003).Selecting components of expenditure to include in the
consumption aggregate can also be difficult; decisions on whether to include
poorly estimated items reported in nonstandard units can have profound
impacts on the consumption aggregate and the corresponding choice of
poverty line.

In contrast, there are fewer factors that might cause measurement error in the
weighted deprivation index. First, inputs for the weighted deprivation index
do not rely on respondent recall; respondents report on their current asset
ownership, housing status, and educational attainment. Unlike with
consumption and consumption-based poverty, calculating k and MDP does
not require integrating inputs that may vary by region, such as prices of
goods; criteria for deprivations are standard across regions. The primary
sources of error in k may derive from the data entry process or
anthropometric collection of data on children under5.

In looking at cross-sectional trends, measurement error that is mean zero and
independent of estimated consumption does not induce bias in the estimated
poverty rate; in the aggregate, the error terms cancel each other out
(Lanjouw and Lanjouw, 1997). However, measurement error is a more
pertinent issue when using panel data to assess the dynamics of household
consumption, income, or poverty. Generally speaking, because random
measurement error in the consumption aggregate will exaggerate the
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magnitude of change over time for a given individual, the result will be an
overestimate of the amount of movement in and out of poverty (Glewwe and
Gibson, 2005). In the context of the ESS, between 2012 and 2014 this
exaggeration could explain the differences observed between the magnitude
of changes in k and MDP compared to that of changes in consumption and
consumption-based poverty.

This raises the question, how much of the observed mobility in consumption
can be attributed to measurement error? Glewwe (2005) performed a similar
exercise using panel data from Vietnam and found that measurement error
accounts for over 33 percent of measured movement in per capita
expenditure and 13 percent of measured inequality. Aguero et al. (2007)
used two waves of panel data t from South Africa to determine the
proportion of observed income mobility that can be attributed to
measurement error. Using health measures to instrument for wave 1 income,
they found that 14 to 60 percent of movement between waves could be
explained by measurement error in the income aggregate.

Regardless of the magnitude of measurement error underlying consumption
mobility, it is unlikely that this error explains all the discrepancies observed
between MDEP and consumption-based poverty dynamics. Consumption is
arguably the easiest and quickest living standard to change; because k is
inherently ‘stickier’, it may take households longer to accumulate enough
savings to invest in multidimensional facets of wellbeing. Most likely,
disparities in observed mobility between k and consumption can be
attributed to a mix of many different factors.

5. Conclusion

MDP, as defined using the standard cut-off of k>=0.33, is a widespread
burden in Ethiopia, in terms of both cross-sectional prevalence and chronic
poverty over time. MDP fell only 4 pp between 2012 and 2014, from 90 to
86 percent, and at both points 82 percent of households were poor.
Transitions into and out of MDP are primarily driven by changes in four
deprivations (1a. At least one child aged 7-15 years in the household is not
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attending school.1b. No one in the household has at least six years of
education. 2b. Household does not have access to an improved water source.
3d. Household does not have a radio, television, or phone, or, lacks a
transportation asset, land, livestock, or refrigerator); this suggests that certain
facets of wellbeing are more susceptible to change over a two-year period.

We also compare relative consumption-based poverty and MDEP, which
capture the bottom 30 percent of the distributions of consumption and k, to
assess how these two indicators interact in the cross-section and over time.
Our cross-sectional analyses show that these two measures identify two very
different groups as poor. In 2012, among those who were poor in either
dimension, only one-third were poor in both; the same applies for 2014. This
discordance needs to be considered when designing policies and programs
targeting the poor – the poverty indicator selected to identify the target
population can have a profound impact on who receives program benefits.

However, the minimal overlap between consumption-based poverty and
MDEP in the cross-section is not entirely surprising; similar results have
been found in other countries. Perhaps more interesting from a policy
perspective is the lack of agreement observed between the dynamics of these
two dimensions. Among individuals who experienced an improvement in
their weighted deprivation index between 2012 and 2014, over half
experienced a decline in their consumption. In fact, the distributions of
directional changes in k and consumption are effectively independent; we
fail to reject the null hypothesis using Pearson’s chi-squared test of
independence. This lack of correlation suggests that having information
about an individual’s change in consumption over time does not make it
possible to predict change in his or her k, and vice versa. This finding has
implications for how we assess progress in improving the wellbeing of
individuals over time. Until more is learned about precisely what each of
these measures is picking up, a policymaker could be missing important
changes in wellbeing by focusing only on either monetary or nonmonetary
measures of wellbeing or poverty. Until further evidence provides more
understanding of what each indicator is capturing, both should be tracked.
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Appendix Table A: Dynamics of multidimensional equivalent poverty
estimate, k=0.72

Poor in
Both

Waves

Become
Poor in
Wave 2

No
Longer
Poor in
Wave 2

Not
Poor in
Either
Wave

Sample Size
(Households)

Total 16.43 11.66 12.25 59.65 N=3,197

Rural 17.50 12.16 12.93 57.41 N=2,799

Small town 1.61 4.70 2.90 90.79 N=398

Amhara 22.14 11.54 15.14 51.17 N=715

Oromiya 14.17 11.63 11.28 62.92 N=636

SNNP 12.98 12.68 9.99 64.36 N=848

Tigray 16.46 8.98 11.30 63.26 N=337

All other regions 20.83 10.98 16.43 51.76 N=661

Note: Observations are weighted to make results representative of all rural and
small-town individuals in Ethiopia. The k cutoff used to establish a
multidimensional equivalent poverty estimate was determined based on the k value
that would generate the same prevalence of poverty identified in wave 1 using
annual consumption per adult equivalent.
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Abstract

This paper examines the dynamics of wellbeing in Ethiopia by assessing changes in
poverty status based on consumption and asset ownership. Using panel data from
the first two waves of the Ethiopia Socioeconomic Survey (ESS), we discover that
although the cross-sectional poverty remains relatively unchanged (approximately
30% in both 2012 and 2014), the proportion of the population experiencing
consumption poverty at some point during this period is 47%. An asset-based
measure of poverty exhibits fewer transitions in and out of poverty. Examination of
the direction and magnitude of change in consumption both at aggregate and sub-
group levels indicates that despite a stagnant poverty rate, consumption patterns
have changed significantly. The forward movers and non-poor households have
increased their share of spending on nutrient-dense foods, while the chronic poor
and backward movers have increased spending shares on staples (reduced on
nutrient-dense foods). Our findings indicate that availability of longitudinal data at
the household level provides additional insights on the dynamics of wellbeing that
would be impossible to understand using cross sectional data only.
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1. Introduction

In recent years Ethiopia has experienced remarkable economic growth with a
per capita growth rate of approximately 8% per year (World Bank, 2015). In
2000,  44% of the population lived below the national poverty line but the
number dropped to less than 30% in 2011 (Abro, Alemu, & Hanjra, 2014;
World Bank, 2015). The substantial reduction in national poverty coincided
with rapid economic growth driven largely by growth in the agricultural
sector (Abro et al., 2014; Martins, 2014; World Bank, 2015, 2016). As more
than 85% of Ethiopians are engaged in agriculture (FAO, 2011; Mengistu,
2003; World Bank, 2015), and agriculture constitutes 43% of national GDP
and 90% of exports (FAO, 2011), policies that affect the agricultural sector
can have large ramifications on wellbeing dynamics. Despite promising
growth in the economy led by agriculture, it is worrisome to policymakers
that the benefits of growth and development may not be equally distributed
among all residents. The disproportionate distribution of economic growth is
evident in the existing literature (Barrett et al., 2006; Bezemer & Headey,
2008; Lipton, 1977) and empirical evidence exists in the case of Ethiopia as
well (Abro et al., 2014; Bogale, Hagedorn, & Korf, 2005).

Abro et al. (2014) assess the impact of agricultural productivity growth on
household poverty dynamics and find that poor people in rural Ethiopia
benefitted the least from growth in the agriculture sector; they either had
limited access to assets or owned fewer productive farm assets/factors of
production. One explanation is that people at the bottom of the economic
ladder may be least affected by economic growth because returns to assets
depend on initial wealth status (Barrett et al., 2006). However, people in the
neighborhood of the poverty line may see their wellbeing status change as
the economy grows. This raises an obvious but rather pinpointing policy
question: why have some of the poor benefited very little from economic
growth, while others have benefited more? Are the same households poor at
each point in time or is there movement in wellbeing status? Understanding
these questions is critical for designing suitable policy instruments, but these
questions are difficult to answer without examining the dynamics of
wellbeing and exploring the characteristics of the transitory and chronic
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poor. Answering these questions helps not only in identifying the portion of
the poor population left out by cross-sectional analysis but also in designing
policy instruments to best serve them.

A large body of existing literature has examined the dynamics of wellbeing
in various countries, but many of these analyses ignore the multidimensional
nature of poverty dynamics as they use poverty classifications based on
income(Barrett, 2005; Baulch & Hoddinott, 2000; Duncan et al., 1993;
Woolard & Klasen, 2005), or consumption expenditures only (Dercon &
Krishnan, 2000). A large body of empirical evidence suggests that poverty
measures based on income or expenditures are subject to measurement error
and often fail to distinguish between structural and transient poverty (Carter
& Barrett, 2006a; Carter & May, 2001). There is a strong current of
development literature that considers household assets as an alternative
measure of wealth status and uses both consumption and asset-based
measures to assess wellbeing dynamics. However, this approach is not free
of criticism; while wellbeing dynamics based on asset holdings may perform
better than other measures, it is not immediately clear as to how we combine
multidimensional assets to form a single wealth measure. One set of studies
converts all assets to monetary values and calculates an aggregated wealth
measure (Liverpool-Tasie & Winter-Nelson, 2011), but others combine
assets to form a weighted index using principal component analysis
(Booysen, van der Berg, Burger, Maltitz, & Rand, 2008; Filmer & Scott,
2008; Moser & Felton, 2007; Sahn & Stifel, 2000). No matter how they use
assets, many of these studies still miss the ‘true’ poverty dynamics as they
lack nationally representative longitudinal data at the household level and
are forced to rely on cross-sectional or pooled cross-sectional data instead
(Dang & Lanjouw, 2013). The Ethiopia Socioeconomic Survey (ESS)5

provides us a unique opportunity to further examine this issue as it
comprises a wide breadth of information by integrating household and
agricultural survey questions. The ESS dataset enables us to explore both

5 The Ethiopia socioeconomic survey is a collaborative project between the Central
Statistics Agency of Ethiopia (CSA) and the World Bank’s Living Standards
Measurement Study-Integrated Survey of Agriculture (LSMS-ISA) initiative
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consumption and asset-based wellbeing dynamics simultaneously in a way
that would be impossible to do with pooled cross-section data.

This paper examines the dynamics of wellbeing in Ethiopia by assessing
poverty status based on both consumption expenditures and asset ownership.
The paper is divided into two main parts. The first part investigates how
consumption-based wellbeing and poverty status are changing over time.
Availability of longitudinal data at the household level allows us to track
direct changes in the wellbeing of households rather than only examining the
change in average wellbeing between two cross sections. Using the first two
waves of the ESS, we assess the dynamics of consumption-based poverty in
rural Ethiopia and examine the extent to which this poverty is transient or
chronic. As the relative shares of these two types of poverty can have
important implications for poverty reduction policies, we focus on
households transitioning into or out of poverty between 2012 and 2014 and
examine how the level and composition of consumption has changed.

Our analysis is guided by the notion that even though the poverty prevalence
is approximately the same in 2012 and 2014, at 30%, there may be
significant changes in household consumption patterns. Taking advantage of
the longitudinal data at the household level, we break down the consumption
aggregate into food and non-food groups, and further into various food and
non-food subgroups, to assess the direction and magnitude of changes in
consumption. We believe that breaking down the total consumption to
various food and non-food categories offers insights on how people change
their dietary patterns and other expenses when they move in and out of
poverty. These types of analyses could not be explored with the consumption
aggregate only. We then explore characteristics of chronic vs. transitory poor
households by assessing the extent of poverty dynamics by gender and
education level of the household heads. Profiling demographic
characteristics by poverty status helps us understand the underlying
mechanism of consumption-based poverty dynamics.

In the second part of the paper, we examine wellbeing dynamics based on
the socioeconomic status of the households. The socioeconomic status is
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measured with a weighted index calculated using the principal component
analysis (PCA) on 52 different assets. Assets are loosely defined and include
all household durables, housing characteristics, livestock, and agricultural
tools and equipment. Since agriculture is a key economic activity for the
majority of households in rural and small town areas (Martins, 2014),
including livestock and agricultural assets as a wealth measure may reveal
the wellbeing dynamics not captured in the aggregate consumption. We
define an asset-based poverty line such that the proportion of those that are
asset-poor is equal to the proportion of those who are consumption poor in
2012. Then, holding this line fixed for 2014, we examine the dynamics of
asset-based wellbeing between 2012 and 2014. Finally, to understand how
consumption-based poverty fares against asset-based poverty, we compare
and contrast wellbeing dynamics based on asset and consumption poverty
lines.

2. Data

The data used in this study comes from the Ethiopia Socioeconomic Survey
(ESS), a collaborative project between the Central Statistics Agency of
Ethiopia (CSA) and the World Bank’s Living Standards Measurement Study
- Integrated Surveys of Agriculture (LSMS-ISA) that collects multi-topic
panel data at the household level. The first wave of the survey includes only
rural and small town areas and the second wave of the survey expands to
also include urban areas. As our analysis is based on panel households only,
the urban sample is automatically excluded. All our results are representative
at the national level for rural and small town areas only. Each survey was
administered over a series of three visits. In the first wave the post-planting
questionnaire was administered between September and October of 2011
followed by the livestock questionnaire in November of 2011 and the
household, community, and post-harvest questionnaires in January and April
of 2012. A similar method was used for the second wave of data collections,
which took place from September of 2013 to April of 2014.

The ESS used a stratified, two-stage sampling scheme. The regions of
Ethiopia served as the strata and enumeration areas (EAs) were
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proportionately selected based on regional population size. In the first wave,
a total of 290 and 43 EAs were selected from rural and small town areas,
respectively and a total of 12 households were chosen from each
enumeration area. The non-response rate was extremely low at 0.7 percent,
and the final interviewed sample included 3,969 households from rural and
small town areas. In the second wave, 100 EAs were added from urban areas
giving a total of 433 EAs and 5,262 households. However, because urban
households were not surveyed in wave 1, they are excluded from the
analysis.

Table 1 presents a detailed breakdown of exclusion criteria and
corresponding sample loss. The attrition rate between waves was less than 5
percent yielding a surveyed panel sample of 3,776 rural and small town
households. However, the final sample used in this analysis is 3,481 because
we imposed further restrictions on our sample as follows. We drop 65
households from wave 1 and 128 households from wave 2due to missing
information in the consumption aggregate construction.6We then exclude all
households with zero total consumption (46 in wave 1 and 22 in wave 2)
followed by households that subsequently do not match between waves as a
result of previous exclusion criteria. Finally, we exclude 45 households
whose absolute change in consumption between waves is larger than 25,000
Birr/year per adult equivalent. The threshold is identified at 25,000 Birr/year
because we assume that a change in consumption larger than 25,000 Birr is
purely noise in the data as it is equivalent to a presumably implausible
transition from below the 1st percentile to above the 99th percentile or vice
versa.

6 Missing information refers to households reporting purchase price but no purchase
records or with purchased items but no valid conversion factor to convert food items
to monetary values
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Table 1: Sample size and exclusion criteria

Exclude households if:
Wave 1 Wave 2

Total Excluded Total Excluded

1. Lost to attrition 3969 193 3776 -

2. Missing information for
consumption aggregates*

3776 65 3776 128

3. Zero total consumption 3711 46 3648 22

4. Unmatched in two waves 3665 139 3626 100

5. Absolute change in
consumption >25k Birr/year

3526 45 3526 45

Sample size 3481 488 3481 295

Notes. *Missing information refers to the situation when households reported a
purchase price but there is no purchase record or there are no conversion factors
(‘prices’) for certain items the households consumed.

2.1 Characteristics of sample households

Table 2 presents demographic characteristics of sample households at baseline
(2011/12) and follow-up (2013/14). The average adult equivalent household
size of rural and small town Ethiopia is4.8 adults in wave 1. The adult
equivalent size is calculated by multiplying household size with an adult
equivalent factor which varies by age group and gender. The rest of the
analysis uses adult equivalent size in lieu of household size because the latter
fails to account for differences in age and gender of household members.7

Among other variables, the dependency ratio of 1.4 indicates that, on average,
each household has 40% more economically inactive members (children less
than 15 and adults older than 65 years of age) than working age members.
While all working age people may not have a valid source of income and
therefore the real dependency ratio may be even higher, the ratio indicates that

7 We also analyze consumption- and asset-based wellbeing dynamics using
household size instead of adult equivalent size. The main results for the
consumption-based wellbeing dynamics are presented in the Appendix but are not
discussed in the main text because, even though the size of point estimates for per-
capita consumption and other variables differ, the underlying story of wellbeing
dynamics is qualitatively identical.
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the majority of the Ethiopian population is economically inactive. As implied
by the high dependency ratio, the number of children in Ethiopian households
is quite large. In fact, households have approximately 4 children on average
with 1 child below age 6 and approximately 3 children ages 6 to 18. All
household characteristics remain more or less constant over time.

Table 2: Demographic characteristics for households in rural and small
town areas

Characteristics
2011/12 2013/14

Mean Std error Mean Std error
Household
Adult Equivalent Size 4.8 0.05 4.9 0.05
Dependency ratio† 1.4 0.03 1.6 0.04
Number of kids below 6 1.1 0.03 1.1 0.04
Number of Kids 6-18 2.5 0.05 2.6 0.05
Rural 0.94 0.01 0.94 0.01
Household head
Religion (1=Christian) 0.67 0.03 0.67 0.03
Religion (1=Muslim) 0.30 0.03 0.30 0.03
Religion (1=Other) 0.03 0.01 0.02 0.01
Sex (1=Female, 0=Male) 0.15 0.01 0.16 0.01
Married (1=yes, 0=No) 0.88 0.01 0.86 0.01
Age (years) 44.2 0.34 45.7 0.35
Can read and write (1=yes, 0=No) 0.47 0.02 0.46 0.02
Education (1=Never school,0=else) 0.60 0.02 0.59 0.02
Education (1=Primary, 0=else) 0.35 0.02 0.35 0.02
Education (1=Secondary, 0=else) 0.05 0.01 0.05 0.01
Observations 3481 3481

Notes. Point estimates are population weighted means. Standard errors are adjusted
for stratification and clustering.
†Dependency ratio is missing for 126 households because they have no working age
members at all.

In addition to household demographics, household head characteristics such
as age, gender, and education are also pivotal in understanding household’s
wellbeing status. Although a vast majority (87%) of household heads are
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married, only 15% of households are headed by a female. On average,
household heads are 44 years old in 2012 and 46 years old in 2014.
Approximately 47% of household heads are literate. The low literacy rate
follows from the observation that 60% of household heads have never
attended school, 35% have attended primary school only (up to 8th grade),
and 5% have attended secondary school or higher (above 9th grade). As
shown in Table 1, approximately 14% of full sample households were
excluded from the final analytical sample. If the excluded households are
substantially different from the included households, this could introduce
some selection bias into the results. In Table 3, we compare basic
characteristics for the included and excluded samples at baseline (2011/12).
The far right column of Table 3 also contains the results of an adjusted Wald
test for the difference between the included and excluded sample means. The
excluded sample does not significantly differ from the included sample on
most demographic characteristics and both the excluded and included
samples are identically distributed across regions. However, the samples are
different on two characteristics: religion and education of the head of the
household. Fewer excluded household heads were Muslim and fewer had
completed primary school. Although the two samples are similar in most
respects, these few differences could potentially introduce some bias and
therefore the results must be interpreted with some caution.

3. Methods

This paper takes a unique approach to assess the dynamics of wellbeing in
Ethiopia. First we compute a consumption-based poverty line utilizing a
panel of households from the first two waves of the ESS and categorize
households as chronically poor, forward movers, backward movers, and non-
poor. This analysis is followed by an asset-based approach that employs
identical methods to establish an asset-based poverty line and classify
households into the four different poverty groups. The analysis then draws
on both consumption- and asset-based approaches and compares and
contrasts wellbeing dynamics based on the two dimensions.
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Table 3: Demographics for included and excluded households

Included Excluded Difference

Household

Adult Equivalent Size 4.8 4.5

Dependency ratio 1.4 1.3

Number of kids below 6 1.1 1.0

Number of Kids 6-18 2.5 2.3

Rural 0.94 0.95

Region

Tigray 0.06 0.07

Amhara 0.25 0.28

Oromia 0.42 0.38

SNNP 0.22 0.19

Others 0.06 0.08

Household head

Religion (1=Christian) 0.67 0.75

Religion (1=Muslim) 0.30 0.20 **

Religion(1=Other) 0.03 0.06

Sex (1=Female, 0=else 0.15 0.13

Married (1=Yes, 0=No) 0.88 0.88

Age 44.2 43.4

Can read and write (1=Yes, 0=No) 0.47 0.40

Education(1=Never school, 0=else) 0.60 0.67 *

Education(1=Primary,0=else) 0.35 0.26 **

Education(1=Secondary,0=else) 0.05 0.07

Observations 3481 488‡

‡The number of observations for the excluded sample varies for several variables
depending on data availability.

Notes: Point estimates are population weighted means. Standard errors are adjusted
for stratification and clustering. Significance level: *** <0.01, ** <0.05, * <0.1
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3.1 Consumption poverty line

The consumption poverty line is based on the official poverty headcount
ratio of 30% in 2012 (World Bank, 2015). To adjust for inflation at the
national level and make the values comparable across waves, we inflate the
value of wave 1 consumption to wave 2 levels by a factor of 1.21as reported
in the 2015 annual report of the Central Statistical Agency (CSA, 2015). We
then set the poverty line to a value that corresponds to the 30thpercentile of
total consumption in wave 1.Based on this poverty line (3246 Birr/year per
adult equivalent in 2014 terms) we identify households that are descending
into poverty (Backward movers), moving out of poverty (Forward movers),
poor in both waves (Chronic poor), and non-poor in both waves (Always
non-poor).

3.2 Asset poverty line

The asset poverty line is also determined according to the asset based
poverty headcount in the wave 1 data. We use 52 total assets that include 34
household durables, 8 livestock species, and 10 variables for dwelling
characteristics. Asset variables that are not in both survey waves are
excluded from the analysis. Our approach in this paper is to have a more
comprehensive definition of household “assets” as any store of wealth.
Therefore, we elected to include some assets which could be classified as a
means of production (i.e. agricultural assets and livestock). One justification
for their inclusion is that the sample consists mainly of rural households with
the majority involved in agricultural activities and therefore we argue that
these assets are often a critical component of household welfare of these
households8.

We use principal component analysis, with the first principal component
serving as scoring factors for computing a weighted index. This index is

8One potential criticism of this approach is that households do not derive their
wellbeing directly from these productive assets, but rather they are a means to enable
purchase of other assets that contribute to wellbeing.
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commonly referred to as an asset index, wealth index, or socioeconomic
index. In this paper, we call it an asset index. Economics status based on the
asset index is sometimes referred to as wealth status or socioeconomic
status. The first principal component captures the maximum variance (i.e.
inequalities) in the data and therefore serves as a valid measure of wealth or
socioeconomic status (Filmer & Scott, 2008; Vyas & Kumaranayake, 2006;
McKenzie, 2005; Filmer & Pritchett, 2001). To make the asset index
comparable across waves and equivalent to the approach we used to
calculate the consumption poverty line, we pooled assets across two waves,
obtained scoring factors, means, and standard deviations for the pooled data,
and use the estimates to calculate period specific asset indices. If prices are
viewed as weights, using pooled scoring factors for the asset index is
equivalent to using the inflated prices in calculating the consumption poverty
line. Our use of pooled data to obtain the scoring factors and other mean
estimates is strongly supported in the literature (Booysen et al., 2008;
Harttgen, Klasen, & Vollmer, 2013; Sahn & Stifel, 2000, 2003).

Table 4 provides summary statistics and scoring factors for all 52 asset
variables used in the analysis. The asset poverty line is established with the
same method used to generate the consumption poverty line. First, we
identify the asset poverty line that corresponds to the 30th percentile of the
wave 1 asset index. This same poverty line (asset index value of -0.963) is
set in wave 2. This allows us to identify households that are falling into
poverty (Backward movers), moving out of poverty (Forward movers), poor
in both waves (Chronic poor), and non-poor in both waves (Always non-
poor). Since asset variables are either binary (ownership) or count (number
owned), the variable weights are easy to interpret. In case of binary asset
variables, acquisition of a particular type of asset (one or many) changes the
value of the asset index according to that asset’s weight. For example,
owning a car increases the asset index by 2.98 but using firewood or dung as
cooking fuel decreases the asset index by 0.29. For count variables such as
number of cattle, acquiring an additional unit of asset changes the value of
the asset index by that asset’s weight. For example, owning one more cattle
decreases the asset index by 0.003 and having one more room in the house
increases the asset index by 0.09.
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Table 4: Summary statistics and scoring factors for asset variables

Assets ownership
Scoring
factors

Mean SD
Scoring

factors/SD
Household durables†(=1 if own, 0 else)

Kerosene stove 0.14 0.031 0.173 0.81
Butane stove 0.17 0.006 0.080 2.15
Electric stove 0.20 0.011 0.103 1.90
Blanket 0.04 0.896 0.305 0.13
Mattress, bed 0.08 0.684 0.465 0.16
Watch/clock 0.09 0.284 0.451 0.19
Telephone 0.21 0.025 0.157 1.36
Cellphone 0.13 0.356 0.479 0.27
Radio, tape 0.10 0.353 0.478 0.21
TV 0.27 0.044 0.204 1.33
CD/VCD/DVD 0.27 0.029 0.167 1.62
Dish antenna 0.27 0.023 0.151 1.80
Sofa 0.25 0.013 0.113 2.25
Bicycle 0.17 0.020 0.141 1.18
Motorbike 0.19 0.010 0.101 1.86
Cart (hand) 0.17 0.011 0.107 1.60
Animal cart 0.11 0.029 0.167 0.68
Sewing machine 0.15 0.015 0.120 1.25
Weaving equipment 0.12 0.014 0.116 1.06
Mitad-electric 0.25 0.009 0.096 2.61
Mitad-modern 0.13 0.058 0.233 0.56
Refrigerator 0.24 0.011 0.104 2.34
Car 0.22 0.005 0.073 2.98
Gold/silver 0.10 0.245 0.430 0.24
Wardrobe 0.16 0.034 0.180 0.90
Storage shelf 0.14 0.116 0.320 0.43
Biogas stove 0.18 0.006 0.080 2.27
Water storage pit 0.10 0.030 0.170 0.62
Sickle -0.04 0.837 0.370 -0.12
Axe 0.02 0.440 0.496 0.04
Pick Axe 0.01 0.511 0.500 0.03
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Plough -0.05 0.702 0.457 -0.10
Plough (modern) 0.09 0.027 0.161 0.54
Water pump 0.20 0.025 0.157 1.30

Livestock (number)
Cattle -0.01 4.080 4.551 -0.003
Sheep -0.02 1.866 4.047 -0.005
Goat -0.02 1.835 5.341 -0.004
Horse -0.003 0.134 0.513 -0.005
Donkey -0.01 0.523 0.877 -0.012
Mule -0.001 0.038 0.226 -0.004
Camel -0.01 0.132 1.556 -0.005
Chicken -0.02 3.441 5.340 -0.004
Housing characteristics
Floor (1= Cement, 0 else) 0.13 0.030 0.171 0.76
Wall (1= Cement, bricks, 0 else) 0.07 0.006 0.076 0.87
Kitchen (1= Improved, 0 else) 0.06 0.644 0.479 0.13
Roof (1= CGI, tiles, 0 else) 0.08 0.491 0.500 0.16
Light source (1= Electricity, 0 else) 0.09 0.337 0.473 0.18
Toilet (1= Flush, pit, 0 else) 0.06 0.614 0.487 0.13
Number of rooms 0.10 1.879 1.020 0.09
Drinking water (1= Protected, 0 else) 0.05 0.564 0.496 0.11
Cooking fuel (1= Firewood, 0 else) -0.05 0.972 0.166 -0.29
Own home (1=Yes, 0 No) -0.04 0.940 0.237 -0.18
Notes: All point estimates, scoring factors, means, and standard deviation, are
population weighted estimates and based on pooled data across two waves. Asset
variables are sorted by their weights.
†All household durables take a value of 1 if household owns them and 0 if the
household does not own.

4. Wellbeing dynamics

In this section we present the dynamics of wellbeing using consumption-and
asset-based poverty lines. We present a detailed analysis of wellbeing
dynamics based on consumption expenditures followed by an assessment of
asset-based dynamics and a comparison between the two approaches.
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4.1 Consumption expenditures

Table 5 presents consumption expenditures for the full panel sample in 2012
and 2014. The first three rows present total, food, and non-food consumption
expenditures and the next two rows reflect the shares of food and non-food
expenditures. Food expenditures include expenses for 25 different food
items from 5 different food groups; staples, pulses, animal source foods
(ASF), vegetables and fruits (veg/fruit), and other miscellaneous food items.9

Non-food expenditures cover all other expenses not related to food. Health
expenses are excluded due to data unavailability.

Table 5: Consumption expenditures of households in rural and small
town areas

Expenditures
Full Sample
Wave 1 (2011/12) Wave 2 (2013/14) Diff

Total 5378 4973 -405**

(163.0) (141.1)
Food 4398 3911 -487***

(142.1) (122.6)
Nonfood 980 1062 81**

(46.7) (44.9)

Food and nonfood shares

Food 0.82 0.78 -0.04***

(0.01) (0.01)
Nonfood 0.18 0.22 0.04***

(0.01) (0.01)

Observations 3481 3481
Notes. Point estimates are population weighted means. Standard errors adjusted for
stratification and clustering are in parentheses. Significance level: *** <0.01, **
<0.05, * <0.1.

9 Staples include teff, wheat, barley, maize, sorghum, and millet. Pulses include
horse beans, chick pea, field pea, lentils, niger seed, and linseed and ‘veg/fruit’
includes onion, banana, potato, kocho, and bula. Similarly, ASF includes meat, milk,
cheese, and eggs and ‘other food’ includes sugar, salt, coffee, and chat/khat.
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All expenditures are expressed in 2014 levels and reflect real annual Birr per
adult equivalent. Results based on per-capita expenditure are in Table A1 in
Appendix. Point estimates differ but the pattern for wellbeing dynamics is
qualitatively the same.

In the aggregate, total and food expenditures decreased between 2012 and
2014; nonfood expenditures increased over this same period. On average,
compared to the budget shares in 2012, Ethiopian households decreased the
food budget share by 4% in 2014 but increased the non-food budget share by
4%. Because total consumption has also decreased over time, improvements
in the wellbeing status of rural and small town Ethiopians may be not as
substantial as it has been reported previously (World Bank, 2015, 2016;
Martins, 2014). One potential reason for this difference is that our results are
based on rural and small town samples only and do not reflect dynamics in
urban areas. It suggests that this growth has not consistently translated into
improved wellbeing among households in rural and small towns in Ethiopia.

Does this drop in mean consumption translate to an increase in poverty?
Despite a statistically significant drop in mean consumption from 5378
Birr/person in 2012 to 4973 Birr/person in 2014 (Table 5), we find that the
change in the poverty rate was not statistically significant. Therefore, it
appears that poverty has largely remained the same across the two waves.
Further exploration of the data reveals that the drop in mean consumption is
potentially a result of measurement error in wave 1, particularly on the upper
end of the distribution. Figure 1 presents the average change in consumption
for each expenditure decile in wave 1. The average change consistently and
gradually decreases as one moves along the wave 1 distribution until reaching
the highest wave 1 decile. At the 10th decile, the change in consumption drops
substantially. This drop either implies (1) that the richest households saw a
large decrease in expenditures between waves or (2) that there was
measurement error in wave 1 that was not present in wave 2 and registered as
a large decrease for mismeasured households. Measurement error seems the
more likely explanation since we wouldn’t expect such wide swings in light
of the fact that food consumption makes up a large portion of consumption
throughout the distribution. When we exclude the 10th decile, the average
change in expenditure is positive (and weakly significant). The decrease in
mean consumption therefore does not appear to be a robust result.
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Figure 1: Change in expenditure by wave 1 decile

Even though the poverty rate did not significantly change between waves,
there is still potential for significant movement into and out of poverty.
Table 6 presents the poverty transition matrix between waves 1 and 2.
Approximately one-third of Ethiopian households lived in poverty in each
wave (30% in wave 1 and 32% in wave 2). However, nearly 47% of
households were poor at some point during this period; approximately 16%
of households lived below the poverty line in both waves, 15% were poor in
wave 1 but moved out of poverty in wave 2, and another 16% fell back to
poverty in wave 2. Similar patterns hold for both rural and small town areas
although the poverty rate in small towns is much lower. In small towns,9%
of individuals were chronically poor, 10% were forward movers, and 11%
were backward movers, meaning that30%of small town households were
poor at some point between 2012 and 2014. Although repeated cross-
sectional surveys can capture the share of households that are currently poor,
they cannot capture the share of households that have experienced poverty
over time. Our findings indicate that even over a relatively short period (2
years), the share experiencing poverty is much larger than indicated by
current poverty rates in Ethiopia.
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Table 6: Proportion of poor and non-poor households based on
consumption

Wave 1 (2011/12)
Wave 2 (2013/14)

Total
Non-poor Poor

Full sample
Non-poor 53.3 16.4 69.7

(2.17) (1.18) (1.89)

Poor 14.6 15.7 30.3
(1.25) (1.47) (1.89)

Total 67.9 32.1 100
(2.01) (2.01)

Rural
Non-poor 52.1 16.8 68.9

(2.29) (1.26) (1.99)

Poor 14.9 16.2 31.1
(1.33) (1.55) (1.99)

Total 67.1 32.9 100
(2.12) (2.12)

Small Town
Non-poor 70.0 11.3 81.3

(3.29) (2.09) (2.74)

Poor 9.8 8.9 18.7
(2.11) (2.12) (2.74)

Total 79.9 20.1 100
(3.03) (3.03)

Notes: Point estimates are population weighted proportions. Standard errors adjusted
for stratification and clustering are in parentheses.
Rural sample includes 3063 households and small town sample includes 418 households.
Results based on per-capita expenditure are in Table A2 in Appendix. The
proportion of non-poor remains the same but the proportion of chronic poor
increases and the proportion of transitory poor decreases by a small percentage.
Table 7 presents consumption expenditures for households that were poor in
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wave 1 and either remained poor (chronic poor) or moved out of poverty
(forward movers) in wave 2. Chronically poor households exhibit no change
in the amount of overall consumption and a small change in food-only
consumption over time, but we find that the share of food consumption has
decreased by 3%. Interestingly, the chronic poor increased both the amount
and share of non-food consumption expenditures suggesting some
movement in consumption pattern even though they are trapped in chronic
poverty. In contrast, the forward movers increase the amount of consumption
expenditure on all food and non-food items, but do not see an increase in the
share of food or non-food consumption.10

Table 7: Consumption expenditures of households poor in baseline
(2012/13)

Expenditures
Chronic poor Forward movers

Wave 1 Wave 2 Diff Wave 1 Wave 2 Diff

Total 2212 2187 -26 2510 5563 3053***

(54.0) (43.9) (49.2) (217.4)

Food 1805 1699 -106* 1992 4553 2561***

(52.1) (40.4) (46.7) (224.5)

Nonfood 407 487 80*** 517 1010 493***

(19.9) (24.9) (24.2) (76.7)

Food and nonfood shares

Food 0.81 0.78 -0.03*** 0.79 0.80 0.01

(0.01) (0.01) (0.01) (0.01)

Nonfood 0.19 0.22 0.03*** 0.21 0.20 -0.01

(0.01) (0.01) (0.01) (0.01)

Observations 454 454 460 460

Note: Point estimates are population weighted means. Standard errors adjusted for
stratification and clustering are in parentheses. Significance level: *** <0.01, **
<0.05, * <0.1.

All expenditures in level are annual, real Birr per adult equivalent. Results

10 This finding is consistent with Engel’s law of food demand that states “as income
rises, the proportion of income spent on food falls, even if the actual expenditure on
food rises”.
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based on per-capita expenditure are in Table A3 in Appendix. Point estimates
differ but the pattern for wellbeing dynamics is qualitatively the same.

Table 8 presents the dynamics of consumption for households that were
above the poverty line in 2012. Approximately 21% of the 2,567 non-poor
households fell back to poverty in 2014. The backward movers experienced
declines both in their food and non-food consumption. Those who remained
non-poor over time spent more on food items but, as Engel’s law of food
demand implies, their share of food expenditure decreased and the share of
non-food expenditures increased. Results in Tables 7 and 8 indicate that the
view of poverty based on cross-sectional data is unable to capture the
dynamics of consumption and the change in the relative position of
households over time. In addition, traditional consumption-based analyses of
wellbeing typically do not examine changes in the composition of
consumption which can be just as important as the level of consumption in
determining wellbeing dynamics. In fact, measuring wellbeing status with
consumption aggregates may miss the dynamics of consumption at food and
non-food items level.

Table 8: Consumption expenditures of households non-poor in baseline
(2012/13)

Expenditures
Backward movers Always non-poor

Wave 1 Wave 2 Diff Wave 1 Wave 2 Diff

Total 5608 2482 -3126*** 7028 6400 -628***
(193.6) (38.0) (181.1) (164.5)

Food 4811 1939 -2872*** 5695 4995 -700***
(187.3) (38.0) (166.9) (147.3)

Nonfood 797 542 -254*** 1333 1405 72
(47.7) (21.9) (69.2) (59.4)

Food and nonfood shares

Food 0.85 0.78 -0.07*** 0.81 0.78 -0.03***
(0.01) (0.01) (0.01) (0.01)

Nonfood 0.15 0.22 0.07*** 0.19 0.22 0.03***
(0.01) (0.01) (0.01) (0.01)

Observations 543 543 2024 2024
Notes. Point estimates are population weighted means. Standard errors adjusted for
stratification and clustering are in parentheses. Significance level: *** <0.01, ** <0.05, * <0.1
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All expenditures in level are annual, real Birr per adult equivalent. Results
based on per-capita expenditure are in Table A4 in Appendix. Point
estimates differ but the pattern for wellbeing dynamics is qualitatively the
same.

In Figure 2, we present the change in the share of consumption expenditures
on various food and non-food groups over time. A negative change in
expenditure share means the household decreases the share of expenditure
over time. Examining the changes in expenditure shares, we find that
chronically poor households decreased their share of all food and non-food
items except for ‘other non-food’. As implied by Bennett’s law of food
demand11, forward movers spent smaller shares on starchy staples and other
foods, but more on nutritious foods like ASF and vegetable and fruits. The
opposite is true for backward movers as they spend more on staples but less on
nutritious foods like pulses and ASFs. For non-poor individuals, as Engel’s
law implies, the non-food budget share has increased over time but the food
budget share has decreased for all food items, with the exception of fruit and
vegetables. Overall, results in Figure 2 imply that even though consumption-
based poverty has increased over time (Table 6) and overall consumption has
fallen over time (Table 5), many rural Ethiopians have experienced
improvements in wellbeing status as reflected in changes in the quality of diet.

11Bennett’s law of food demand states ‘As income rises the proportion of starchy
staples in the diet falls
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Figure 2: Change in the expenditure share of food and nonfood items by
poverty status between 2012 and 2014

4.2 Consumption-based poverty and household demographics

Understanding the relationship between household demographics and
poverty may provide further insights for policy design and implementation.
For example, policymakers may be interested to know whether poverty
status differs with the gender of the household head, the household head’s
education level, or the proportion of economically active members in the
household. Figure 3 depicts the proportions of the population in each poverty
dynamics group by gender of the household head. It suggests that wellbeing
dynamics in rural Ethiopia does not differ greatly by gender of the household
head. However, it does appear there were more forward movers among male
headed households and more individuals who were always non-poor among
female headed households.
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Figure 3: Gender of household head in baseline and poverty transition

Figure 4 plots household poverty status against household head’s education
level. First, we classify household heads into two groups: “never attended
school” and “attended school”. The ‘attended school’ category is classified
further into ‘elementary school or lower’ and ‘secondary school or higher’.
A vast majority of household heads who have attended school did not
complete primary school (8th grade).  Figure 4 indicates that poverty status
and a household head’s education level have an inverse relationship. While
households headed by those with the highest education have the smallest
proportion of chronic poor and the largest proportion of non-poor in both
waves, households with ‘never attended school’ heads have the largest
proportion of chronic poor and the smallest proportion of non-poor. The
proportion of backward movers decreases with household head’s education
level while there is no clear difference for forward movers. This suggests
that households with less educated heads were more likely to fall into
poverty but those with better educated heads were not necessarily more
likely to escape poverty.
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Figure 4: Household head’s education level in baseline and poverty
transition

In Table 9, we take a slightly different angle and compare the demographic
profile of the four poverty transition groups. In order to conserve space, we
only present adjusted Wald test results for differences in means between
chronic poor and forward movers as well as between backward movers and
always non-poor. We find that household composition in wave 1 is different
between these groups. Forward movers had smaller households compared to
chronic poor while backward movers had larger households than those that
were always non-poor. Among household head characteristics, the strongest
differences are for education. In general, those households that fell into
poverty had less educated heads than those households that were able to
remain non-poor. Likewise, those households that were able to escape
poverty had heads that were better educated than those that remained poor,
though this result was much weaker. Comparing these demographic profiles
suggests that education is one important component for transitions into and
out of poverty.

Never attended school

Elementary or lower

Secondary or higher

% of households
Chronic poor Backward Movers Forward movers Always nonpoor
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Table 9: Baseline demographic characteristics by poverty transition
group

Chronic
Poor

Forward
Movers

Diff
Backward

Movers

Alway
s non-
poor

Diff

Household

Adult Equivalent Size 5.3 4.7 *** 5.2 4.5 ***

Dependency ratio 1.5 1.6 ** 1.3 1.3 ***

Number of kids below 6 1.3 1.2 *** 1.1 1.1 *

Number of Kids 6-18 2.9 2.4 *** 2.9 2.2 ***

Rural 0.96 0.96 0.96 0.92 ***

Household head

Religion (1=Christian) 0.71 0.68 * 0.69 0.65

Religion (1=Muslim) 0.21 0.31 0.29 0.33

Religion(1=Other) 0.07 0.01 *** 0.02 0.02

Sex (1=Female, 0=else 0.13 0.15 0.11 0.16

Married (1=Yes, 0=No) 0.88 0.88 0.87 0.88

Age 44.8 45.4 46.0 43.1 ***

Can read and write (1=Yes, 0=No) 0.36 0.42 * 0.42 0.53 ***

Education (1=Never school,
0=else)

0.70 0.67 * 0.69 0.52 ***

Education (1=Primary, 0=else) 0.29 0.30 0.26 0.41 ***

Education (1=Secondary,
0=else)

0.01 0.03 * 0.06 0.07 ***

Observations 454 460 543 2024

4.3 Asset poverty and wellbeing dynamics

In this section, we explore the dynamics of wellbeing using an alternative
measure of poverty based on household asset holdings. As Carter & Barrett
(2006) and Carter & May (2001) mention, dynamic asset poverty is the latest
and fourth generation of poverty measurement approaches. The third
generation of poverty measures, dynamic consumption poverty measure,
captures what households consume over time but doesn’t reflect the dynamic
socioeconomic status. We argue that individuals’ wellbeing status should be
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defined beyond merely what they consume. A stock of durable assets owned
by the household, livestock, agricultural tools and equipment, and dwelling
characteristics may well reflect the components of wellbeing not captured by
consumption expenditures and therefore should be taken into account in the
analysis of wellbeing dynamics. Table 10 provides poverty transition
matrices based on household asset holdings, for our full panel sample, rural,
and small town households.

Table 10: Proportion of poor and non-poor households based on asset
poverty line

Wave 1 (2011/12)
Wave 2 (2013/14)

Total
Non-poor Poor

Full sample
Non-poor 61.0 8.8 69.8

(2.19) (0.99) (1.92)

Poor 13.6 16.6 30.2
(1.09) (1.60) (1.92)

Total 74.6 25.4 100
(1.99) (1.99)

Rural
Non-poor 58.7 9.2 67.9

(2.30) (1.05) (2.03)

Poor 14.5 17.6 32.1
(1.16) (1.71) (2.03)

Total 73.2 26.8 100
(2.11) (2.11)

Small Town
Non-poor 95.0 2.7 97.7

(1.79) (1.45) (0.73)

Poor 0.6 1.7 2.3
(0.29) (0.68) (0.73)

Total 95.6 4.4 100
(1.78) (1.78)

Notes. Point estimates are population weighted proportions. Standard errors adjusted
for clustering and stratification are in parentheses. Rural sample includes 3063
households and small town sample includes 418 households.
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By construction, like consumption-based poverty, 30% of households are
asset-poor in 2012 but, unlike consumption-based poverty, the proportion of
poor people has declined over time to 25% in 2014. Once again, cross-
sectional estimates of poverty underestimate the ‘real’ poverty prevalence as
39% of the population was ‘asset-poor’ in either 2012 or 2014. While a similar
pattern is observed for consumption-based poverty dynamics, the asset-based
dynamics exhibit less movement. Our finding that the prevalence of
consumption-based poverty remained the same but the asset-based poverty
decreased over time suggests that conclusions drawn from wellbeing dynamics
based on consumption expenditures only may be incomplete. From a policy
standpoint, it is critical to assess wellbeing dynamics in both consumption and
asset spaces to be able to identify a suitable policy instrument.

Next, we compare and contrast asset- and consumption-based poverty both
in the cross section and dynamically. Figure 5 depicts the distribution of the
asset index and total consumption variables at each point in time. If the asset
index and total consumption were highly positively correlated with each
other, we would expect to see all observations accumulating around a 45-
degree line. Instead, we note a scattered distribution of households both
below and above the asset and consumption poverty lines.

However, even though the asset index and consumption expenditures are not
strongly correlated, it is possible that poverty classifications based on the two
variables may in fact exhibit a correspondence. In Figure 4, the large mass of
households in region I and IV in both years implies at least some
correspondence in wellbeing status based on the two variables. In both years,
approximately 66% of households were classified to identical poverty status
categories based on both the asset index and consumption expenditures; 53%
were non-poor in both consumption and asset spaces and 13% were poor in
both spaces. The remaining 34% of households were poor in one space but
non-poor in the other space. This implies there is at least some correspondence
between consumption- and asset-based poverty in the cross-section.
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Figure 4: Asset and consumption poverty lines in rural and small town
areas in 2012 and 2014
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Next, we assess the extent to which these two estimates of poverty are
correlated dynamically. In particular, we examine whether changes in
consumption-based poverty over time tell us anything about changes in
asset-based poverty over the same period. We construct two categorical
variables each of which categorize households to three groups in both asset
and consumption spaces – ‘backward movers’, ‘forward movers’ and ‘stayed
the same’ – based on the change in their wellbeing status over time. Table
11presents the cross tabulation of these two variables. In the consumption
space, 16% of households worsened, 69% stayed the same and about 15%
improved their wellbeing status; a similar pattern holds in the asset space but
only 9% households worsened and approximately 14% households improved
their wellbeing status. However, among the 16% who fell into poverty in the
consumption space, 71% stayed the same in the asset space and another 71%
of the forward movers in the consumption space stayed the same in the asset
space. Similarly, a large proportion of households that descended into or out
of poverty in the asset space saw no change in their status in the
consumption space. Although the one-third of the households that worsened
or improved in the consumption space exhibit a different trend in the asset
space, most of the ‘stayers’ in the consumption space remained ‘stayers’ in
the asset space as well. In fact, a Pearson’s test of independence between
changes in asset- and consumption-based poverty indicators rejects the null
hypothesis that the two distributions are independent. This suggests that
there is at least some co-movement between asset- and consumption-based
poverty.
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Table 11: Contrasting changes in consumption- and asset-based
wellbeing dynamics

Consumption-
based poverty

Asset-based poverty

Backward
movers

Stayed the
same

Forward
movers

Total

Backward movers 2.0 11.7 2.7 16.4

(0.41) (1.04) (0.42) (1.18)

Stayed the same 5.5 55.5 8.0 69.0

(0.67) (1.63) (0.75) (1.50)

Forward movers 1.3 10.4 2.9 14.6

(0.32) (0.96) (0.52) (1.25)

Total 8.8 77.6 13.6 100

(0.99) (1.37) (1.16)

Notes. Point estimates are population weighted proportions. Standard errors adjusted
for clustering and stratification are in parentheses. In a Pearson’s chi-squared test of
independence, we reject the null hypothesis of independence, at p=0.001 and a chi-
square value of 44.3

Table 12 summarizes the asset index for four different poverty transition
groups in both consumption and asset spaces. The first three columns present
the distribution of the asset index for four ‘asset-poverty’ status groups and
the next three columns present the distribution for the ‘consumption-poverty’
status groups. If the asset index and consumption expenditures were
perfectly correlated, we would expect the same values of the index for each
poverty status group across the two survey waves.

Results indicate that although the values of the asset index are not the same,
they do exhibit similar distributions for both asset-based and consumption-
based poverty groups. The average asset index is always negative for the
chronic poor and positive for ‘always non-poor’ in both waves. Among the
transitory poor, the backward movers in the asset space have a positive asset
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index in the first wave and a negative asset index in the second wave but,
backward movers in the consumption space saw only a small decrease in
their asset index. In contrast, the forward movers exhibit an opposing
pattern; forward movers in the asset space move backward in the
consumption space as their asset index decreases from 0.09 in 2012 to -0.38
in 2014. This observation suggests that asset poor households may not be
consumption poor and vice versa. Overall, the results imply that even though
wellbeing dynamics based on an asset index and consumption aggregates do
exhibit similar trends, the two variables do not appear to be strongly
correlated.

Table 12: Asset index by poverty status groups across waves

Poverty groups
Asset-based poverty Consumption-based poverty

Wave 1 Wave 2 N Wave 1 Wave 2 N
Chronic poor -1.24 -1.22 653 -0.61 -0.70 454

(0.007) (0.006) (0.12) (0.05)

Forward movers -1.18 -0.51 486 0.09 -0.38 460

(0.007) (0.023) (0.23) (0.07)

Backward movers 0.86 -1.16 315 -0.12 -0.50 543

(0.37) (0.008) (0.15) (0.05)

Always non-poor 1.02 1.06 2027 0.62 0.74 2024

(0.08) (0.07) (0.08) (0.07)

Total 3481 3481

Notes. Point estimates are the population weighted asset index obtained from the
principal component analysis. Standard errors adjusted for clustering and
stratification are in parentheses.

5. Conclusion

Our analysis emphasizes the notion that poverty assessments based on
household level panel data provide a more complete picture of wellbeing
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dynamics, as they can uniquely identify the transitory poor that are not
detectable using cross-sectional data. In particular, the prevalence of poverty
based on panel data is more than 55% higher than cross-sectional poverty
which is around 30% in both 2012 and 2014. Panel data are crucial for
assessing progress toward poverty reduction as poverty measures based
solely on cross-sectional data significantly underestimate exposure to
poverty at some point in time.

Our analysis further contributes to the literature on the dynamics of
wellbeing in Ethiopia by looking at changes in the levels and shares of
various components of household consumption. Disaggregating the
consumption expenditures to various food and non-food groups, our results
show that even though consumption-based poverty increased slightly over
time in rural and small town areas, a large proportion of the population saw
improvement in food consumption, consuming more nutritious foods and
fewer staples. It is in this sense that assessing wellbeing dynamics based on
aggregate consumption only may not fully capture wellbeing dynamics.

We also assess wellbeing dynamics based on household asset holdings and
find that, unlike consumption-based poverty, asset poverty has decreased
over time. As asset- and consumption-based poverty measures are mostly
uncorrelated, a large chunk of ‘consumption poor’ are ‘asset non-poor’ and
vice versa. We argue that since consumption is often temporal and does vary
with season but asset accumulation is less subject to seasonal variations and
reflects longer run economic status, using asset holdings to measure
wellbeing dynamics may provide a more accurate view of the depth and
severity of poverty dynamics.

The results also imply that policy interventions targeting poverty reduction
may find it worthwhile to consider both consumption- and asset-based
wellbeing dynamics in conjunction. While the chronic poor and households
that are both asset and consumption poor may need policy interventions
comprising immediate relief schemes, the transitory poor and households
that are asset poor but consumption non-poor and vice versa may benefit
more from long run poverty reduction policies.
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Further research is needed to verify and expand on the findings of this study.
Future studies could address the limitations from different perspectives.
First, the comparison period considered in this paper (2011/12 to 2013/14)
could be too short to fully explore the transitions. Future rounds of the ESS
will allow for conducting these analyses over a longer time period. In
addition, due to data availability, this study only analyzed poverty dynamics
in rural areas. The urban context would offer a different setting. The follow-
up ESS surveys would be used to address this and provide a more complete
picture of poverty dynamics throughout Ethiopia.
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Appendix

Table A1: Per-capita consumption expenditures of households in rural
and small town areas

Expenditures
Full Sample
Wave 1 (2011/12) Wave 2 (2013/14) Diff

Total 4324 4028 -295**

(130.2) (116.3)

Food 3530 3163 -367***

(112.6) (100.1)

Nonfood 793 865 72**

(38.4) (35.6)

Food and nonfood shares

Food 0.82 0.78 -0.04***

(0.01) (0.01)

Nonfood 0.18 0.22 0.04***

(0.01) (0.01)

Observations 3481 3481

Notes. Point estimates are population weighted means. Standard errors adjusted for
stratification and clustering are in parentheses. Significance level: *** <0.01, **
<0.05, * <0.1
All expenditures are expressed in 2014 levels and reflect real annual Birr per-capita.
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Table A2: Proportion of poor and non-poor households based on per-
capita consumption

Wave 1 (2011/12)
Wave 2 (2013/14)

Total
Non-poor Poor

Full sample
Non-poor 53.5 16.2 69.7

(2.21) (1.19) (1.91)

Poor 13.5 16.8 30.3
(1.17) (1.48) (1.91)

Total 67.0 33.0 100
(2.03) (2.03)

Rural
Non-poor 52.4 16.5 68.9

(2.32) (1.27) (2.02)

Poor 13.8 17.3 31.1
(1.24) (1.56) (2.02)

Total 66.2 33.8 100
(2.15) (2.15)

Small Town
Non-poor 69.5 12.3 81.8

(3.69) (2.35) (2.68)

Poor 9.8 8.4 18.2
(2.11) (1.98) (2.68)

Total 79.3 20.7 100
(3.33) (3.33)

Notes. Point estimates are population weighted proportions. Standard errors
adjusted for stratification and clustering are in parentheses.
Rural sample includes 3063 households and small town sample includes 418 households
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Table A3: Per-capita consumption expenditures of households poor in
baseline (2012/13)

Expenditures
Chronic poor Forward movers

Wave 1 Wave 2 Diff Wave 1 Wave 2 Diff

Total 1793 1779 -14 2007 4508 2501***

(43.4) (35.8) (38.6) (172.4)

Food 1459 1404 -55 1597 3696 2099***

(40.4) (34.7) (39.5) (184.1)

Nonfood 334 375 41*** 410 812 402***

(17.4) (19.6) (18.8) (56.1)

Food and nonfood shares

Food 0.81 0.79 -0.02*** 0.79 0.80 0.01

(0.01) (0.01) (0.01) (0.01)

Nonfood 0.19 0.21 0.02*** 0.21 0.20 -0.01

(0.01) (0.01) (0.01) (0.01)

Observations 478 478 449 449

Notes. Point estimates are population weighted means. Standard errors adjusted for stratification

and clustering are in parentheses. Significance level: *** <0.01, ** <0.05, * <0.1.
All expenditures in level are annual, real Birr per-capita.
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Table A4: Per-capita consumption expenditures of households non-poor
in baseline (2012/13)

Expenditures
Backward movers Always non-poor

Wave 1 Wave 2 Diff Wave 1 Wave 2 Diff

Total 4554 1987 -2567*** 5630 5230 -400**

(178.7) (30.6) (141.8) (132.4)

Food 3926 1548 -2378*** 4546 4069 -477***

(167.9) (30.3) (129.1) (117.6)

Nonfood 628 439 -189*** 1084 1161 77

(41.7) (16.7) (56.9) (48.6)

Food and nonfood shares

Food 0.86 0.78 -0.08*** 0.81 0.78 -0.03***

(0.01) (0.01) (0.01) (0.01)

Nonfood 0.14 0.22 0.08*** 0.19 0.22 0.03***

(0.01) (0.01) (0.01) (0.01)

Observations 530 530 2024 2024

Notes. Point estimates are population weighted means. Standard errors adjusted for stratification

and clustering are in parentheses. Significance level: *** <0.01, ** <0.05, * <0.1
All expenditures in level are annual, real Birr per-capita.
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1. Introduction

Despite commendable achievements in reaching key Millennium
Development Goals, food security in nations across Sub-Saharan Africa is
still precarious (United Nations Economic Commission for Africa, African
Union, African Development Bank Group, and United Nations Development
Program, 2015). Even though Ethiopia in particular has made encouraging
progress in reducing poverty and undernourishment, its malnutrition rates
remain high (Food and Agricultural Organization [FAO], 2014; World Bank,
2014). For example, the FAO estimates that between 1990–1992 and 2012–
2014, the share of the population who are undernourished fell from 75 to 35
percent, partially achieving Millennium Development Goal 1 (FAO, 2014).4

Yet about 44 percent of children under 5 are stunted, 21 percent severely so,
and about 10 percent of children under 5 suffer from wasting, 3 percent
severely so (Ethiopia Central Statistical Agency and ICF International,
2012). Critical to nutrition for both children and adults are the three pillars of
food security set out by the FAO – availability of, access to, and utilization
of food – and their stability over time (FAO, 2006). Given its history of
drought, conflict, and other shocks, in Ethiopia food security has been and
continues to be a significant concern for large portions of the population, and
therefore for government policy.

This paper documents the state of food insecurity in Ethiopia based on
information from a large sample of households representative of all rural and
small-town areas of Ethiopia. The data, which cover nearly 4,000
households, were collected in 2011/12 and 2013/14. We use the data to
explore the nature of food insecurity, static and dynamic, in this vulnerable
population: First, we use multiple measures to document the prevalence of
food insecurity. Second, we document how the prevalence of food insecurity
changed between survey waves and how measures of food security covary
over time. Finally, we document the types of variation within and between
geographic areas that drives changes in food security and what they say
about whether food security is localized or widespread. Thus, using recent,

4 Undernourishment is defined by per capita calorie consumption below a dietary
threshold based on population demographics and activity levels.
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representative panel data and multiple measures of food security, this paper
complements previous studies of food security in rural Ethiopia.

While food security is typically defined by the three pillars listed above
(food availability, access, utilization and the temporal stability of each of
these); it is, however, an inherently multidimensional concept. In terms of
one of its broadest definitions, “food security exists when all people, at all
times, have physical and economic access to sufficient, safe and
nutritious food that meets their dietary needs and food preferences for an
active and healthy life”(FAO, 1996). Some indicators capture food safety
and the cultural acceptability of the household diet in addition to standard
indicators of availability (often at the country level), access (often at the
household level), and utilization. More recently, experiential measures have
received significant attention; these are designed to capture anxiety over
food insecurity through psychological and behavioral questions about the
severity of food insecurity. Two examples are the U.S. Department of
Agriculture Household Food Security Scale (Bickel, Nord, Price, Hamilton,
and Cook, 2000) and the FAO’s Food Insecurity Experiential Scale (FIES;
Ballard, Kepple, and Cafiero, 2013). The FIES is being used to estimate the
prevalence of food insecurity in 147 countries through the Gallup World Poll
(Nord, Cafiero, and Viviani, 2016). In its 2013 annual report The State of

Food Insecurity in the World: The Multiple Dimensions of Food Security,
the FAO sets out 30 indicators that capture various dimensions of food
security (FAO, 2013).

In this paper we use four measures of food security—two related to household
access and utilization of food (quantity and diversity) and two experiential.
Identifying and describing the dynamics of food insecurity in vulnerable
populations is critical to better targeting during crisis periods like droughts,
and more generally to the design of safety net and insurance programs.

For centuries Ethiopia has experienced periods of extreme food insecurity,
including famine, most recently in 1983–1985 (Taye, Mariam, and Murray,
2010). Given this history, and similar food crises caused by periods of
conflict, there is an extensive literature related to food security, shocks, and
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coping mechanisms, especially with regard to the role of food aid. It ranges
from cross-sectional studies that draw on small samples from limited
geographical areas to larger data sets and panel data studies, which are not
always representative of any underlying population.

Hirvonen and Hoddinott (2014) use a large non-representative sample to
look at the relationship between diversity in agricultural production and in
children’s diets. Yamano, Alderman, and Christiaensen (2005) use data from
three separate nationally representative cross-sectional surveys conducted in
1995 and 1996 to look at how child nutrition then was affected by harvest
failures and food aid.

Some studies have drawn on several waves of panel data and thus are better
able to capture long-run dynamics. One rich data set many researchers use is
that of the Ethiopian Rural Household Surveys (ERHS), 1989–2009.5 In a
series of papers, Dercon and coauthors use the data to examine the dynamics
of poverty – which is closely related to food insecurity – in rural Ethiopia,
specifically looking at the impact of various household- and village-level
shocks (Dercon, 2004; Dercon, Hoddinott, and Woldehanna, 2006, 2012).
These papers highlight how household characteristics may be linked to
differences in experiencing or recovering from widespread covariate shocks
(factors like drought that adversely affect an entire village) and household-
specific idiosyncratic shocks (factors like death or illness that adversely affect
only specific households). We examine sources of variation in changes in the
food security measures available in our data by comparing the extent to which
variation is occurring between or within villages. Changes that stem from
between-village differences are more likely to be due to covariate factors;
those that stem from within-village differences are more likely to be due to
idiosyncratic factors. In either case, as previous studies note, differences in
what is driving food insecurity necessitate different policy responses.

Maxwell, Vaitla, and Coates (2014), a study based on panel data from 300
households in rural Ethiopia, is closely related to this paper. They compare

5 A description of the data is available at https://www.ifpri.org/publication/ethiopian-
rural-household-surveys-erhs-1989-2009.
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the prevalence of and changes in food security based on seven common
measures (the data were tailored to measure food security). The authors find
that although prevalence estimates vary by measure, they display similar
trends and are reasonably correlated. Differences in the prevalence rates may
be attributed to differences in cut-off points (e.g., for a poor diet base on a
dietary diversity score); sensitivity of the measures to the severity of food
insecurity (e.g., indicators that pick up mild vs. severe food insecurity); and
the fact that the measures may be picking up different dimensions of food
security.

Applying four food security measures, we find substantial differences both
in prevalence rates and in their trends over time. The next section describes
the survey data. Section three describes the measures of food security and
other household characteristics. Section four presents estimates that provide
a snapshot of food insecurity in rural Ethiopia, and section five discusses
changes in the prevalence of food insecurity between the first and the second
waves of the survey.

2. Survey data

The primary data are from the Ethiopia Socioeconomic Survey (ESS),6 a
panel survey conducted by the Central Statistics Agency of Ethiopia (CSA)
in collaboration with the World Bank Living Standards Measurement Study
team. Data were first collected from 3,969 households between September
2011 and March 2012.7 The first wave (ESS1) used two-stage probability
sampling and is representative of rural and small-town areas throughout
Ethiopia.8 In the first stage, 290 enumeration areas with probability
proportionate to estimated population were selected from rural areas and 43
from small-town areas within five strata based on the administrative divisions

6 The first wave was initially referred to as the Ethiopia Rural Socioeconomic
Survey (ERSS), but this name was changed with wave 2 when the panel was
supplemented by an urban subsample. Now the survey is referred to as ESS and each
wave is numbered, so ESS1 refers to the first wave of the ESS.
7 The response rate was 99.3 percent.
8 The ESS rural sample is a subsample of the Annual Agricultural Sample Survey
(AgSS) conducted by the CSA.
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in Ethiopia.9 In the second stage, within each enumeration area 12 households
were randomly selected (fixed interval, systematic random sampling).

The second wave of data (ESS2) was collected between September 2013 and
April 2014 and covered 5,262 households – 3,776 panel households and
1,486 new urban households.10 Although ESS2 is representative of the
entire country, for this paper we limit our analysis to the households that
were interviewed in both waves. Using sample weights, the estimates
provide inferences to the populations of rural and small-town areas of
Ethiopia.

The household questionnaires cover demographics, education, health, labor,
time use, income and assistance, nonfood spending, food consumption and
spending, food security, shocks and coping mechanisms, housing, assets, and
credit. The community questionnaires cover infrastructure, resources, and
significant events, such as drought. This analysis is primarily concerned with
the food security, food consumption, and expenditure modules. It is
important to note that because food data were collected postharvest, they are
likely to reflect seasonal periods of relative food security. This is a
particularly important caution because due to Ethiopia’s reliance on rain-fed
agriculture, there is strong seasonality in its consumption patterns (World
Bank, 2014).

3. Measures of food security

We construct four measures of food security: daily calories per adult
equivalent (AE); the Food Consumption Score (FCS); actions taken to
relieve food insecurity in the past week; and months of food insecurity in the
past year. While each of these is measured at the household level, we report
estimates of the percent of people who live in households that are food

9 The strata consist of four regions (Amhara; Oromia; Southern Nations,
Nationalities, and Peoples' Region; and Tigray) with a fifth combining data for the
remaining administrative regions.
10 The response rate was 96.2 percent. For households that split, the remaining core
household was interviewed.
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insecure. This distinction matters when household size and food security
status are correlated, which is frequently the case.

Daily calories per AE, a common measure for nutritional analysis, is
conceptually linked to the FAO food access pillar. The calories estimate is
based on a 7-day recall of 25 broadly defined and commonly consumed
foods and beverages. The enumerator solicited information on quantities
consumed from purchases, home production, and gifts and other sources
from the individual primarily responsible for preparing food. To link food
quantities to calories and other nutritional information, we use the 1998
Food Composition Tables developed by the Ethiopian Health and Nutrition
Research Institute (EHNRI, now part of the Ethiopian Public Health
Institute) and the FAO.11,12 We then calculate the total AE for each
household based on the age and sex composition of members,13 using
equivalence scales developed by the CSA (Ethiopia Central Statistical
Agency, 2012). The survey asks about meals served to guests; we
incorporate information on the AE of these guests into the total household
AE in order to capture accurately the count of individuals sharing in food
consumed over the past week.1415 Finally, we divide total daily household

11 We obtained hard copies of the tables from EHNRI. General information on FAO
food composition tables is available at
http://www.fao.org/docrep/017/ap796e/ap796e.pdf. For foods that were not available
in the Ethiopia database, we used the USDA National Nutrient Database for
Standard Reference, http://ndb.nal.usda.gov/ndb/doc/index. For kocho, a standard
and popular Ethiopian bread, we use nutritional information from Shank and Ertiro
(1996), http://www.africa.upenn.edu/eue_web/enset96.htm).
12 We trim daily per capita food quantity data at the 97th percentile in wave 1, and
the 99th in wave 2, which we based on biologically feasible amounts.
13 Adult equivalence scales capture household composition to account for the
varying dietary requirements of individuals of different ages and sexes, as well as
economies of scale in consumption (Deaton, 2000).
14 Ideally we would want to account for meals household members ate away from
home, but because the data were not collected in wave 1, we do not incorporate it
into our calculations. In wave 2, we have information only on whether any member
ate meals away from home and the approximate value of the meals; we do not have
the number of meals eaten away from home. Given the growing importance of food
away from home in developing countries, this is a shortcoming of the survey.
15 We top-coded calories at 7,000 per AE for both waves; 7,000 is approximately
94.7 percentile in wave 1 and 96.2 in wave 2.
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calories by the household AE (with guests) to get the final measure of daily
calories per AE (denoted as calories).

There are two primary concerns related to the calorie estimate: The first is
that 25 items is a short list of food items for a consumption survey, and
Beegle et al. (2012) provide evidence that the number of food items (in
addition to recall period and method of collection) greatly influences
estimates of consumption. With a short list, the survey may be missing a
non-negligible portion of food consumption. However, in mitigation of this
concern we note that in rural and small-town Ethiopia, the share of staple
food consumption is estimated to be very high, which means that a few food
items cover a substantial portion of total calories.

A second concern is that the food items in the survey are relatively broad
categories, and Jolliffe (2001) provides evidence that asking about the
consumption of food in terms of categories (e.g., meat) produces
substantially lower estimates than asking about specific types (e.g., chicken,
beef, and goat). This concern is particularly relevant to obtaining the right
level of total calories (i.e., the cross-sectional estimate), but much of our
analysis is mainly concerned with changes in calories across the waves (the
first-difference estimate), and since the food items list was essentially the
same in both waves, there is no reason to expect that the bias in levels
necessarily contaminates the bias in first differences. Nonetheless, we take
these concerns seriously and interpret the calorie data results with caution.

The FCS, developed by the World Food Programme, measures dietary
diversity and is often interpreted as a partial measure of dietary quality; it
has been used in food security assessments throughout the world and
validated against nutritional measures for adults and children (Arimond and
Ruel, 2004; Nguyen et al., 2013). The measure is conceptually linked to both
the access and utilization pillars of food security. Because we use information
on the frequency with which households had consumed foods from 16 foods
and food groups over the past week, the measure is not derived from the
same data used for the calorie estimates but is from a different section of the
questionnaire that follows the standard FCS definition. The FCS is the
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weighted sum of the frequencies with which in the previous week a
household has consumed foods within eight groups: grains, pulses,
vegetables, fruit, meat and fish, milk/dairy, sugar, and oil/fat. The weights are
based on the nutrient density of each group.16 Lower scores indicate a less
varied diet, with less potential for micronutrient intake. Low scores are often
associated with a large share of calories derived from staple foods (and in
many poor countries, oil and fat).

The third measure relates to a household’s experience with food access,
which is gauged through eight questions based on the number of days in the
past week the household (1) relied on less preferred foods, (2) limited the
variety of foods eaten, (3) limited portion size at mealtimes, (4) ate fewer
meals in a day, (5) restricted adult consumption to benefit small children, (6)
borrowed food or relied on help from a friend or relative, (7) had no food of
any kind in the household, and (8) went a whole day and night without
eating anything. We create a count variable based on these actions against
food insecurity (labeled actions); the larger the number, the greater the food
insecurity, or the more limited the access to food. All the actions are linked
to food-based rather than non-food-based coping strategies, such as selling
off assets—households may be sacrificing in other areas that this measure
does not capture.

Finally, we create a variable for total months of food insecurity based on the
household’s response to the question, “In the last 12 months, have you been
faced with a situation when you did not have enough food to feed the
household” (labeled months). These last two measures are experience-based;
they complement the calorie and diversity measures, which do not directly
reflect a household’s actions or subjective feelings about food insecurity.

We also inventory household demographic characteristics: household size, age
of household head, and indicators for female head, married head, and heads
who have completed primary education. And we create several variables that
capture household livelihood, including real annual household consumption,

16 The food groups and weights (in parentheses) are as follows: starches (2), pulses
(3), vegetables (1), fruit (1), meat (4), dairy (4), fats (0.5), and sugars (0.05).



Anna D’Souza and Dean Jolliffe: A Profile of Food Insecurity Dynamics…

86

the sum of food and nonfood consumption. The value of food consumption is
the sum of the value of food purchased outside the home and the value of
food produced at home and gifts.17 The value of nonfood consumption is the
sum of all reported expenditures on nonfood items. All values are in 2013
Ethiopian birr. They have been spatially adjusted for each wave and
temporally adjusted based on price indices provided by the CSA. We also
create an indicator for access to agricultural land (farm households) and
indicators for households that receive assistance through the Productive
Safety Net Programme (PSNP), free food assistance programs, and food or
cash for work programs.

4. A profile of household food security in rural Ethiopia

Table 1 presents population-weighted summary statistics of key variables by
wave, with p-values to denote the statistical significance of differences in
means between the two waves. For wave 1 estimates we use wave 1 sample
weights, and for wave 2 estimates, wave 2 weights. The weighted sample
estimates thereby providing inferences to the population of rural and small-
town areas of Ethiopia in 2011/12 and 2013/14, respectively.18 The effective
size of the sample for our analysis is 3,266 panel households.19 Households
have about 5 members and most are headed by males. (Mean values of adult
equivalents are 4.2 in both waves; the numbers are slightly larger when
guests are taken into account.) In wave 1, the household heads were about 45
years old, and about 13 percent of them had completed primary school. On
average, as estimated in the ESS measure of total consumption, about 80 to
90 percent of total expenditures is for food. We observe a decline between

17 Food produced at home and gifts use median unit-value prices taken from the
nearest geographical area in a minimum of 10 unit-price observations
18 The weighted-estimates provide inferences to the population of households for
household size, age of household head, and the indicators for whether the household
is: a farm household, female-headed, has a married head, headed by someone who
has completed primary education. For all other variables, including in particular the
food security measures, the weighted estimates provide inferences to the population
of individuals.
19 We dropped 510 panel households due to missing data on consumption,
household demographics and relationships, and housing characteristics.
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waves in the mean of real annual total consumption per AE, driven by a
decrease in real annual food consumption.20

Table 1: Summary Statistics

Wave 1 Wave 2 P-value
of mean

difference
Mean S.E. Mean S.E.

Household size 5.17 (0.06) 5.13 (0.06) 0.487
Indicator (Female headed
household)

0.20 (0.01) 0.22 (0.01) 0.000***

Age of household head 44.59 (0.40) 46.11 (0.39) 0.000***
Indicator (Head married) 0.77 (0.01) 0.75 (0.01) 0.126
Indicator (Head completed
primary education)

0.15 (0.01) 0.16 (0.01) 0.158

Indicator (Farm household) 0.89 (0.02) 0.97 (0.01) 0.000***
Real Annual Total
Consumption per AE

5957 (405) 4917 (143) 0.001**

Real Annual Food
Consumption per AE

4668 (339) 3654 (122) 0.000***

Real Annual Nonfood
Consumption per AE

871 (46) 983 (41) 0.018**

Daily calories per AE 2894 (91.98) 2774 (84.95) 0.101
Food consumption score (FCS) 42.64 (0.90) 44.32 (0.85) 0.089*
Actions against food
insecurity

3.60 (0.48) 2.14 (0.23) 0.000***

Actions against food
insecurity (if actions>0)

10.19 (0.67) 7.80 (0.42) 0.000***

Months of food insecurity 0.97 (0.08) 1.07 (0.09) 0.389
Notes: Population-weighted means and deciles. Calories refer to daily calories per
adult equivalent. Diversity refers to the food consumption score. Actions refers to
the number of reported actions taken against food insecurity. Months refers to the
number of reported months of food insecurity. Number of observations: 3,266. AE =
adult equivalents.
Source: Ethiopia Rural Socioeconomic Surveys, 2011/12, 2013/14.

20 A potential concern with this estimated decline is that the consumer price index
measure of inflation may overstate price changes as observed by households in rural
and small-town areas. Indeed, when we examine changes in unit values (i.e.,
expenditure per food item divided by household quantity of food item, which can be
viewed as reflecting quality and price changes of food items), their rate of increase is
about half the rate found by the CPI measure of inflation.
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We also observe that the standard error of the estimated mean of total
consumption is twice as large in wave 1 than in wave 2.21 One possible
explanation for this decline in the standard error (and the coefficient of
variation) is that the enumerators and field protocols improved between
waves 1 and 2, which would reduce error and, most likely, reduce observed
dispersion. Most households in rural Ethiopia have access to agricultural
land; a share of these households sells some of the harvest. Very few
households report receiving any form of assistance and there are no
observable differences between waves in assistance received.22 Appendix
Figure A1 shows the percent of individuals living in households that report
receiving various forms of assistance by wave and consumption quintile.
There is marked heterogeneity; somewhat surprisingly, poorer households do
not always report more assistance.

The Ethiopian diet depends largely on cereals (mainly teff, wheat, barley,
rice, and sorghum) with both waves of data indicating that on average, 75
percent of calories are from cereals(figure 1). Average food shares for the
seven other food categories, such as pulses and oils, were also constant when
both waves were treated as cross-sectional data. Figure 2 shows the
cumulative consumption frequencies by major food group; the food
consumption score reflects these (weighted) frequencies. Most households
report eating staple foods (cereals) and oil and fat every day. As households
become richer, they are able to diversify their diets, incorporating pulses,
vegetables, meat and fish, and dairy. (Berhane, Paulos, Tafere, and Tamru
(2011) give a detailed analysis of dietary patterns in Ethiopia.)

21 The scale-independent coefficient of variation also declines substantially.
22 We do not include assistance from input for work programs because less than 1
percent of households report receiving such aid.
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Figure 1: Calorie Shares by Wave

Notes: Population-weighted estimates. Number of observations: 3,266.
Source: Ethiopia Rural Socioeconomic Surveys, 2011/12, 2013/14.
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Notes: Population-weighted estimates. Number of observations: 3,266.
Source: Ethiopia Rural Socioeconomic Surveys, 2011/12, 2013/14.
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Figure 2: Cumulative Consumption Frequencies by Wave

Notes: Population-weighted estimates. Number of observations: 3,266.
Source: Ethiopia Rural Socioeconomic Surveys, 2011/12, 2013/14.
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The mean daily calories per AE was 2,894 in wave 1 and 2,774 in wave 2.23

The mean FCS was 43 in wave 1 and 44 in wave 2.24 Table 1 also reveals that
the standard errors of both FCSs and calories are essentially unchanged
between waves, unlike the standard errors for the expenditure measures. The
standard error would be expected to change if the underlying population
distribution of FCSs or calories had changed significantly in two years, or if
there were significant changes in the quality of the data (e.g., due to
measurement error). Thus one possible inference of the stable error message is
that there were no significant changes in data quality between the two waves.

In terms of the experiential measures, less than a third of the population live
in households who report taking any action against food insecurity (Figure
3). Over the entire survey sample, people lived in households that took about
3.6 actions on average in response to food insecurity in wave 1, and about
2.1 actions in wave 2. This decline is statistically significant. When we
subsampled the households that did take actions against food insecurity,
there was a statistically significant decline between waves in the number
taken. On average, people lived in households that report about one month of
food insecurity in both survey rounds.

Table 2 displays averages of the food security measures for each decile of
the relevant distribution by wave. For example, during wave 1, people in the
top decile for actions were in households that undertook on average 13
actions to alleviate food insecurity; in wave 2, those in that decile undertook
on average 5 fewer actions than in wave 1. Across the distribution, changes
in FCSs across people are quite uniform but changes in calories are larger for
people at the top of the distribution. The patterns for the experiential
measures reflect the fact that few people live in households that report
positive actions or months.

23 This is comparable to calorie estimates from the most recent WFP report (WFP
and Ethiopia Central Statistical Agency, 2014).
24 These estimates are weighted to produce average calories and FCS for individuals.
For example for the FCS, each individual is assigned the value of FCS for their
household, and then weights are used to allow for inference to the population of
individuals.
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Table 2: Household Food Security Distributions

Calories Diversity Actions Months
Wave 1 Wave 2 Wave 1 Wave 2 Wave 1 Wave 2 Wave 1 Wave 2

Mean 2894 2774 42.6 44.3 3.6 2.1 1.0 1.1

10th 1239 1163 19.5 21.5 0 0 0 0

20th 1636 1539 27.0 29.5 0 0 0 0

30th 1919 1865 35.0 36.0 0 0 0 0

40th 2234 2138 38.5 39.5 0 0 0 0

50th 2585 2426 42.0 43.0 0 0 0 0

60th 2993 2823 45.5 47.0 0 0 0 0

70th 3409 3226 50.0 52.5 3.0 0 1.0 2.0

80th 3984 3801 57.5 58.5 7.0 3.0 2.0 3.0

90th 5122 4900 66.5 68.0 13.0 8.0 3.0 3.0

Notes: Population-weighted means and deciles. Calories refers to daily calories per adult equivalent. Diversity refers to the food
consumption score. Actions refers to the number of reported actions taken against food insecurity. Months refers to the number of
reported months of food insecurity. Number of observations: 3,266. AE = adult equivalents.
Source: Ethiopia Rural Socioeconomic Surveys, 2011/12, 2013/14.
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These numbers underscore the importance of exploring changes in food
security across people rather than relying on changes in the average values.
For example, D'Souza and Jolliffe (2014) show that the impact of food-price
increases differs significantly for people across the distribution of food
security measures in Afghanistan. And for urban Ethiopians, Alem and
Soderbom (2011) show that households with fewer assets and with members
who are casual laborers are harder hit by higher food prices.

To estimate the prevalence of food insecurity and to identify the most
vulnerable people in rural Ethiopia, we create indicators of food insecurity
using cut-off points for the four measures. While there are inherent
difficulties in choosing cut-offs, operationally such indicators are typically
useful for targeting, monitoring, and evaluation, and so we use them here in
providing descriptive information.

We create indicators of calorie deficiency and poor diet based on thresholds
set by the World Food Programme (WFP) in its food security assessment of
Ethiopia (WFP and CSA, 2014): Calorie-deficient households are those with
fewer than 2,550 daily calories per AE. Poor-diet households are those with
an FCS less than 35 (the WFP threshold for poor or borderline versus
acceptable diets). We also define indicators for the experiential measures:
households that report any action against food insecurity over the past week
(labeled “any action”) and those that report any month of food insecurity over
past year (labeled “any month”).

Figure 3 shows that more than 25 percent of rural and small-town Ethiopians
are food-insecure by any measure – though the prevalence rate using calories
is markedly higher than rates using the other indicators. These findings are
consistent with the high prevalence of poverty and undernourishment found
in recent assessments of food security in Ethiopia (FAO, 2015; Rosen,
Meade, and Murray, 2015; World Bank, 2014). The most recent WFP food
security assessment found that about 74 percent of rural Ethiopians have
acceptable diets (WFP and CSA, 2014) and the ESS2 found that about 70
percent of those in rural and small towns had acceptable FCS diets.
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Figure 3: Food Insecurity by Wave

Notes: Population-weighted estimates. Number of observations: 3,266.
Source: Ethiopia Rural Socioeconomic Surveys, 2011/12, 2013/14.

While prevalence rates are similar in both waves and across data sources,
they mask large differences in food security based on household economic
status. Examining people by consumption quintiles (based on real nonfood
monthly consumption per AE), we see that, as expected, people in poorer
households have significantly worse food insecurity status relative to people
in richer households. This is the case for all measures in both waves except
for the any-action indicator in wave 1 (Figure 4).60 In fact, in the bottom
consumption quintile, over half of rural Ethiopians do not meet the minimum
daily calorie requirements of 2,550 per AE, and about half have poor diets.

60 As a proxy for income and livelihood, we use the log of the real value of nonfood
consumption per adult equivalent; we do not include food consumption since it is
drawn from the same data as the food security measures, so that including it could
result in spurious correlations.
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Figure 4: Food Insecurity by Consumption Quintile and by Wave

Notes: Population-weighted estimates. Q = quintile. Consumption quintile is based
on real per adult equivalent nonfood monthly consumption. Number of observations:
3,266.
Source: Ethiopia Rural Socioeconomic Surveys, 2011/12, 2013/14.

Figure 5 shows the prevalence of food insecurity by education and sex of the
household head. While the differences are fairly modest, male-headed
households have slightly better outcomes, but the differences in terms of
whether the head has had primary education are more marked. People in
households headed by someone who has some primary education are
significantly less likely to have poor diets, to be calorie deficient, or to have
experienced any months of food insecurity. Figure 6 explores the prevalence
of food insecurity by region. The survey design allows for disaggregated
estimates for four regions (Tigray, Amhara, Oromia, and the Southern
Nations, Nationalities, and Peoples' [SNNP] Region); the other six
administrative regions are grouped together as the Others Region. There are
both noticeable regional variations in food insecurity and differential
changes in food security over time (Figure 6). This may not be surprising
given the topographical diversity within the country and the related
differences in seasonal income and consumption patterns (WFP and CSA,
2014). For all indicators except calorie deficiency, the prevalence of food
insecurity is highest in the SNNP region; Amhara and the Other Regions
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category have the highest prevalence of calorie deficiency. Based on the
experiential indicators, Tigray and Amhara display a relatively low
prevalence of food insecurity in wave 1, though the situation worsens
considerably in wave 2.

Figure 5: Food Insecurity by Headship and Head’s Education and by
Wave

Notes: Population-weighted estimates. ed = education Number of observations:
3,266.
Source: Ethiopia Rural Socioeconomic Surveys, 2011/12, 2013/14.
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Figure 6: Food Insecurity by Region and Wave
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Notes: Population-weighted estimates. SNNP = is Southern Nations, Nationalities,
and Peoples' Region; Others includes all other administrative regions. Number of
observations: 3,266.
Source: Ethiopia Rural Socioeconomic Surveys, 2011/12, 2013/14.
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5. Transitions in household food security in rural Ethiopia

The results shown for the two waves provide cross-sectional snapshots of the
precarious nature of food security for rural and small-town Ethiopians. These
snapshots tell us that between 2012 and 2014, more people are calorie-
deficient while fewer have poor diets (Figure 3), but they cannot tell us how
likely a person is to become food insecure, or how many have transitioned
into or out of food insecurity. A major benefit of panel data is the ability to
identify the latter, and to help understand what drives these transitions.

Figures 7 and 8 present transitions in and out of food insecurity, identifying
both the chronically insecure and the percent of people whose food security
status improves or deteriorates.61 About 17 percent of people live in
households that transition out of calorie deficiency between waves 1 and 2;
and similarly, 17 percent transition to an adequately diverse diet.
Approximately 19 percent of the people who lived in households that took
actions to mitigate food insecurity in wave 1, reported in wave 2 that they
did not need to do so. Similarly, 15 percent who reported being food
insecure for at least one month in wave 1, reported no months of food
insecurity in wave 2.

While substantial portions of the population thus indicated improvement
over time, there are also many Ethiopians who saw their food security status
worsen between waves. Twenty-three percent of the rural and small-town
population transitioned from having adequate calories in wave 1 to being
calorie-deficient in wave 2. Similarly, 13 percent transitioned into poor
dietary diversity status. The pattern of the experiential measure – months of
reported food insecurity and any actions taken to relieve food insecurity – is
similar to the poor diet indicator: 13 percent of the population took no
actions in wave 1, but then started taking actions in wave 2; while 18 percent
of the population reported zero months of food insecurity in wave 1, but then
in wave 2 experienced at least one month of food insecurity. The proportions
whose status deteriorates over time are somewhat smaller than those whose

61 In this section where we examine differences across the two waves, or transitions
between the waves, we use the wave 2 weights.
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status improves, but what is particularly noteworthy is the large number of
individuals whose food insecurity status transitions over time.
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Notes: Population-weighted estimates. Number of observations: 3,266.
Source: Ethiopia Rural Socioeconomic Surveys, 2011/12, 2013/14.
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Notes: Population-weighted estimates. Number of observations: 3,266.
Source: Ethiopia Rural Socioeconomic Surveys, 2011/12, 2013/14.
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Figure 8: Transitions in Food Insecurity by Measure

Notes: Population-weighted estimates. Number of observations: 3,266.
Source: Ethiopia Rural Socioeconomic Surveys, 2011/12, 2013/14.
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Figure 8: Transitions in Food Insecurity by Measure

Notes: Population-weighted estimates. Number of observations: 3,266.
Source: Ethiopia Rural Socioeconomic Surveys, 2011/12, 2013/14.
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To further explore these transitions, for each food security measure figure 9
reports the likelihood of being food secure or insecure in wave 2 based on
whether the person was food secure (top panel) or insecure (bottom panel) in
wave 1. Depending on the indicator, people who are food secure in wave 1
are likely to be food secure – to varying degrees – in wave 2. The persistence
is greater with dietary diversity and the experiential measures than with
calories. The food security status of many Ethiopians does, however,
worsen. For people who were food insecure in wave 1, the likelihood that
they remain food insecure varies by indicator. Those who were calorie-
deficient are more likely than not to continue to be calorie-deficient;
however, those with poor diets or any reported months of food insecurity are
about equally likely to become food secure as to stay insecure. Households
that took actions against food insecurity in wave 1 are less likely to do so in
wave 2.

Figure 9: Transitions in Food Insecurity by and Across Measures
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Notes: Population-weighted estimates. Number of observations: 3,266.
Source: Ethiopia Rural Socioeconomic Surveys, 2011/12, 2013/14.

In addition to comparing food security status over time based on a single
measure, we examine the co-movement of food insecurity indicators over
time. Table 3, which shows whether food security worsens, is constant, or
improves over time for combinations of indicators helps answer the question
of whether improvement in one indicator of food security suggests similar
improvement in other indicators. It also helps identify whether indicators are
dependent on or independent of each other. For most combinations,
observing improvement in one measure of food security for an individual
appears to tell an observer very little about whether the person has similarly
improved in another measure.

For example, the (sample design-corrected) Pearson test of independence
between changes in food security as measured by changes in FCS and in the
reported number of months experiencing food insecurity has a p-value of
0.27. This suggests a failure to reject the null hypothesis of independence,
which means that an improvement in FCS tells us nothing about whether the
count of food-insecure months is improving or worsening. Similarly, the p-
value of the test of independence for changes in FCS and in the number of
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Notes: Population-weighted estimates. Number of observations: 3,266.
Source: Ethiopia Rural Socioeconomic Surveys, 2011/12, 2013/14.
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actions taken in response to food insecurity is 0.65, which also means that
the first difference in FCS is independent of the first difference in the
number of actions taken to alleviate food insecurity.

Table 3: Comovements in Food Insecurity Status
Worsened Constant Improved

Total
Poor diet status

Calorie deficiency status
Worsened 0.03 0.17 0.03 0.23
Constant 0.08 0.42 0.11 0.60
Improved 0.02 0.12 0.04 0.17
Total 0.13 0.70 0.17 1.00

Any actions status

Calorie deficiency status

Worsened 0.03 0.16 0.04 0.23
Constant 0.07 0.40 0.12 0.60
Improved 0.02 0.12 0.04 0.17
Total 0.13 0.68 0.19 1.00

Any months status

Calorie deficiency status

Worsened 0.05 0.15 0.03 0.23
Constant 0.10 0.41 0.09 0.60
Improved 0.04 0.11 0.03 0.17
Total 0.18 0.67 0.15 1.00

Any months status

Poor diet status
Worsened 0.03 0.08 0.02 0.13
Constant 0.11 0.49 0.10 0.70
Improved 0.04 0.10 0.03 0.17
Total 0.18 0.67 0.15 1.00

Any actions status

Poor diet status
Worsened 0.01 0.09 0.02 0.13
Constant 0.09 0.47 0.14 0.70
Improved 0.02 0.12 0.03 0.17
Total 0.13 0.68 0.19 1.00

Any actions status

Any months status

Worsened 0.05 0.12 0.01 0.18
Constant 0.07 0.48 0.13 0.67
Improved 0.01 0.08 0.06 0.15
Total 0.13 0.68 0.19 1.00

Notes: Population-weighted estimates. Number of observations: 3,266.
Source: Ethiopia Rural Socioeconomic Surveys, 2011/12, 2013/14.
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An important exception to this finding is that there is statistical dependence
in the first difference of the experiential measures. For example, a decline in
the reported number of months experiencing food insecurity is correlated
with a decline in the reported number of actions taken to counter food
insecurity, suggesting that these measures may be picking up some common
dimension of food insecurity.

Finally, we examine the geographic sources of variation of changes (in first
differences) for our food security measures: calories, FCS, and the two
experiential measures. For each measure, the figure 10 presents the
proportion of the variance that is occurring within villages and the
proportion occurring between villages. A lack of variation in first-difference
measures within villages suggests that all food security shocks are (like
droughts) covariate: if someone in a village has a marked decline in FCS,
everyone in that village has the same decline. Similarly, if all of the variation
is within a village and none between villages, then all change appears to be
idiosyncratic or not shared at all by neighbors within villages. One possible
example of an idiosyncratic shock would be death of a household member.

From Figure 10 it appears that the majority of variation is occurring within
villages; for calories and FCS, more than 60 percent of the variation is
within-village. For the two experiential measures, the within-village
variation explains a slightly smaller proportion of total variation but it is still
the main source of the variation. As a whole, the results suggest that drivers
of changes in food insecurity appear to be both covariate and idiosyncratic,
with the idiosyncratic component significantly more important. Other
research, such as Dercon et al. (2006), has found that households in rural
Ethiopia typically experience both covariate and idiosyncratic shocks that
affect current consumption and in some cases have long-lasting effects.
Additionally, Yilma et al. (2014), who examine how coping mechanisms
relate to the nature of a shock in rural Ethiopia, find that when confronted
with covariate shocks households reduce food consumption and draw on
savings; however, confronted with idiosyncratic health shocks, they draw on
savings and borrow.
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Figure 10: Variations of Changes in Food Security

Notes: Population-weighted estimates. Number of observations: 3,266.
Source: Ethiopia Rural Socioeconomic Surveys, 2011/12, 2013/14.

6. Conclusion

In this paper, we use data from the ESS, a panel survey that is representative
of rural and small towns in Ethiopia, to examine patterns of food security
over time and across households. Understanding the drivers of food
insecurity is crucial in Ethiopia, where much of the population either lives
with or is vulnerable to food insecurity and poverty. We found, using
multiple measures, that a large share of the rural Ethiopian population is
food insecure, and that this share was much larger when viewed over a 2-
year period since there is considerable movement into and out of food
insecurity. We also found that the changes in food security are driven by
differences both between and within villages, with the latter being more
important in terms of calories and nutritional diversity. Finally, we found
little co-movement in food insecurity status. The measures may have been
picking up different dimensions of food security or may suffer from
measurement error.

Our results underscore the importance of research that carefully examines
the measurement of the multidimensional concept of food security, such as
Maxwell et al. (2014) specifically for Ethiopia, and Carletto, Zezza, and
Banerjee (2013) more generally. Such research is crucial for identifying
public and private solutions to both transitory and chronic food insecurity.
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Notes: Population-weighted estimates. Number of observations: 3,266.
Source: Ethiopia Rural Socioeconomic Surveys, 2011/12, 2013/14.
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Appendix Figure 1: Assistance by Quintile and by Wave

Notes: Population-weighted estimates. Quintiles are based on real nonfood monthly
consumption per AE. Number of observations: 3,266.
Source: Ethiopia Rural Socioeconomic Surveys, 2011/12, 2013/14.
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In Ethiopia, 9.7 percent of rural and 28.7 percent of small-town children are

wasted and underweight, and undernutrition is responsible for a large

percentage of childhood deaths. We use two waves of panel data, from the

2012 and 2014 Ethiopia Socioeconomic Surveys, to assess the dynamics of

weight-for-height z-score, wasting, weight-for-age z-score, and underweight

among children aged 6-59 months. Ordinary least squares (OLS) and fixed

effects regression models are used to examine the associations of individual,

household, and community factors with each outcome. The cross-sectional

results, which generally parallel previous findings, suggest that child’s sex,
recent illnesses, household assets, and livestock ownership are correlated

with nutritional status. However, many associations disappear after

controlling for fixed effects; only recent illness and community access to a

main road are consistently significant determinants of changes in nutrition

status. Thus, changing factors traditionally identified as correlates of

undernutrition may not be enough to improve children’s nutrition. Further
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1. Introduction

Undernutrition is responsible for an estimated 3.1 million child deaths
annually, most of which occur in low- and middle-income countries (Black
et al., 2013). Other serious consequences of childhood undernutrition are
deficiencies in physical and mental development, higher susceptibility to
disease, inhibited educational attainment, and diminished lifetime earning
potential (Caulfield et al., 2004; Victora et al., 2008; Black et al. 2013).
Accordingly, eradicating hunger and halving the proportion of underweight
children were among the United Nations (UN) Millennium Development
Goals for 2015 (MDGs), and continued reductions in all forms of
malnutrition are set forth in the Sustainable Development Goals for 2030
(SDGs; UN 2015, UN-DESA 2016).

In addition to immediate impacts on health and survival, childhood
nutritional status has been linked to educational outcomes, adult health, and
economic productivity. Early childhood exposure to protein and calorie-
boosting supplements in Guatemalan villages in the 1970s was positively
associated with grade attainment and progression through school for women,
and with reading comprehension and nonverbal cognitive tests scores for
both men and women (Maluccio et al., 2009). Men of the same cohort were
also found to have higher hourly wages as adults if they had been exposed to
the supplement before age 3 (Hoddinott et al., 2008). Data from Brazil,
Guatemala, India, Philippines, and South Africa demonstrate that weight-for-
age z-scores(WAZ) at age 2 are positively associated with adult height,
body-mass index, years of schooling, birthweight of first offspring, and
income (Victora et al., 2008).

Common indicators of undernutrition in children aged 6-59 months are
stunting, wasting, and underweight, which are defined by comparing height-
and weight-related z-scores with the WHO reference population.3 Stunting

3 The 2006 WHO child growth standards are derived from the WHO Multicenter
Growth Reference Study carried out between 1997 and 2003. The study collected
growth and other relevant data on 8,500 ethnically diverse, healthy, breastfed
children in Brazil, Ghana, India, Norway, Oman, and the United States.
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is defined by a height-for-age z-score (HAZ) below 2, which indicates
chronic undernutrition and restricted growth; wasting is defined by a weight-
for height z-score (WHZ) below 2 and suggests acute undernutrition or rapid
weight loss (Black et al., 2008); and underweight is defined by a WAZ
below 2, which can result from stunting or wasting. The MDGs used
underweight as a general indicator of nutritional status and health (Black et

al., 2008, UN 2015). Stunting, wasting, and underweight are considered
severe when z-scores are below 3.

In Ethiopia, reducing child undernutrition is a top national priority
(Government of Ethiopia, 2013). Despite substantial progress over the last
decade, large proportions of Ethiopian children under5 are still stunted
(44.4%), wasted (9.7%), or underweight (28.7%), which together contribute
to 51% of childhood deaths (Government, 2013). Understanding the
determinants of childhood undernutrition in Ethiopia is paramount to
achieving further reductions and accomplishing nutrition agenda goals,
particularly where prevalence remains high.

Numerous cross-sectional studies have analyzed the social and economic
determinants of stunting and underweight in Ethiopia (Edris, 2007; Haidar
and Kogi-Makau, 2009; Alemayehu et al., 2015; Degarege, Degarege, and
Animut 2015; Degarege, Hailemeskel, and Erko 2015; Fekadu et al., 2015),
but fewer have used panel data or focused on wasting. Quisumbing (2003)
and Hagos et al. (2014) did conduct studies in Ethiopia that undertook
wasting or underweight analysis but with longer intervals between data
points, different methods of sample selection, and ultimately different goals
than this paper. Quisumbing (2003) used four waves of panel data from 15
Ethiopian villages to examine the effects of food aid on children’s nutrition,
specifically looking at differences by type of food aid (food-for-work vs.
free distribution) and children’s sex; both aid types had positive impacts on
children’s weight-for-height but differences by sex were insignificant. Using
four waves of panel data to assess how climate and food production affected
children’s nutrition, Hagos et al. (2014) found that rainfall, temperature, and
ecological zones were predictive of stunting and underweight but not of
wasting.
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Accurate targeting of nutrition interventions is necessary to efficiently
prevent or alleviate undernutrition in children, thereby improving associated
short and long-term outcomes. The cross-sectional and panel studies in
Ethiopia mentioned above and those from other lower-middle-income
countries (LMICs) have identified sometimes conflicting determinants of
wasting and underweight. An analysis covering Bangladesh, Ethiopia, and
Vietnam found household food insecurity to be highly and significantly
positively associated with underweight prevalence in children under 5 (U5)
in all three countries but with U5 wasting only in Bangladesh(Ali et al.,
2013). In other LMICs, household factors associated with wasting or
underweight include inadequate toilet facilities and drinking water sources,
large family size, possession of various household assets, and family wealth
quintile (Gupta et al., 2011; Ndiku et al., 2011; Rannan-Eliya et al.,2013;
Aheto, 2015; and Arndt et al., 2016). Associated individual factors are recent
episodes of diarrheal disease, maternal education/literacy, maternal age,
child’s age, and child’s sex (Aheto, 2015; Rannan-Eliya et al., 2013).
Studies in rural Senegal and Kenya also found wasting and underweight to
be associated with child’s sex, though the disparities favored females in the
former and males in the latter (Gupta et al., 2011; Ndiku et al. 2011).

Macroeconomic factors like natural disasters and food price shocks have
been associated with negative nutrition outcomes, particularly for the poor,
women, and children (Darnton-Hill and Cogill, 2010). Food price shocks
were associated with U5 underweight or wasting in Mozambique, Malawi,
and Bangladesh, though specific effects varied by context and household
asset ownership, child’s sex, and possibly receipt of food aid (Torlesse et al.,
2003; Hartwig and Grimm, 2012; Arndt et al., 2016). Cash-transfer
programs have had mixed results, generally improving HAZ but having
varied or insignificant impacts on WHZ and WAZ (de Groot et al., 2015).

Determinants observed in other LMICs generally hold true in Ethiopia,
particularly diarrheal disease, parental education, and family size. With
regard to U5 wasting, household income, breastfeeding behaviors, mother’s
ability to use money, a case of diarrheal disease in the last two weeks,
parental education, family size, family possession of a cooperative bank
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savings account, maternal access to a health facility, and receiving food aid
were each found to be significantly and independently associated in  at least
one study in Ethiopia (Quisumbing, 2003; Edris, 2007; Egata et al.;
Alemayehu et al., 2015; Degarege, Hailemeskel, and Erko, 2015; Fekadu et

al., 2015). Applying the same criteria for U5 underweight status,
associations were found with household income, living in a female-headed
household, being female, breastfeeding, having a toilet in the household, age
of 12-23 months, mother’s ability to use money, most common
complementary foods, diarrheal disease episode in the last two weeks,
parental education, family size, and living in highland or midland ecological
zones (Edris, 2007; Haidarand Kogi-Makau, 2009; Hagos et al., 2014;
Alemayehu et al., 2015; Degarege, Hailemeskel, and Erko 2015; Fekadu et

al., 2015).

Interestingly, while several studies suggested the season during which data
were collected might explain observed prevalence of wasting, studies of this
specific question generated mixed results. While Egata et al. (2013) found
no significant association, Ferro-Luzzi et al. (2001) found WHZ declines
among U5s during lean seasons in Southern Ethiopia, particularly for girls,
and Abay and Hirvonen (2016) found significant seasonal differences in
WHZ and WAZ related to whether market access is good or poor.

This paper contributes to the literature on determinants and dynamics of U5
wasting and underweight in Ethiopia by analyzing the two waves of panel
data collected for the 2011/2012 and 2013/2014 Ethiopian Socioeconomic
Surveys (ESS Waves 1 and 2).4 At two-year intervals the ESS captures
information on individual nutrition status, socioeconomic assets, and
community/external factors. Using these data, we first analyze the cross-
sectional correlates of wasting and underweight in Ethiopian rural and small-
town children aged 6-59 months in 2012 and 2014. We then analyze wasting
and underweight dynamics in a cohort of children aged 6-41 months in
Wave 1 and 24-59 months in Wave 2. These analyses identify the individual,
household, and community factors associated with nutrition status at given

4 For analysis of stunting dynamics based on the same data, see Seff, Baird, and
Jolliffe, 2016.
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points in time and with changes in status over time. Our findings should help
inform future efforts to improve Ethiopia’s child nutrition and health
outcomes.

In general, our cross-sectional results support previous findings. At the
individual level, children’s sex, maternal literacy, and recent illnesses were
significantly associated with nutrition outcomes in most of our models. A
variety of household characteristics were also repeatedly significant, such as
sex and age of household head, possession of a solid roof, and livestock
ownership. One community characteristic, presence of a health post, in
Wave 2 was also significantly associated with all outcome variables.

Unlike the cross-sectional analysis, the fixed effects model lets us control for
unobservable time-invariant factors and obtain a sense of what drives
changes within individuals. This analysis of the dynamic associations
between individual, household, and community characteristics and children’s
nutritional outcomes provides insights well-suited for informing policy; by
controlling for potential confounders, we can better identify factors and
populations to target with policies and interventions. However, this still
should be interpreted as an association, not a causal relationship.

After controlling for fixed effects in our panel analysis, fewer factors
remained significant. Illness in the last two months was significantly
associated with negative changes in WHZ, wasting, WAZ, and underweight
status. However, community access to a main road was associated with
positive changes in WHZ and underweight status. After baseline status was
controlled for, factors driving changes to or from undernourished states
varied. For instance, children wasted at baseline were generally more
responsive than non-wasted children to household changes they saw
improvements in WHZ when they gained a solid roof or food assistance, and
a decreased likelihood of wasting when they gained an improved water
source or toilet; non-wasted children were not significantly affected by such
changes.
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In what follows, section 2 describes the study setting and data; section 3
details the analytic methodology, rationale, and limitations; section 4
discusses analysis results; and section 5 concludes.

2. Setting and Data
2.1 Study Setting

Ethiopia is the second most populous country in Africa, home to an
estimated 88.4 million people, 84% of whom live in rural areas
(Government, 2013). Aspiring to improve health and nutrition enroute to
achieving the MDGs and reaching middle-income country status, Ethiopia
implemented its first National Nutrition Program (NNP) in 2008 and its
second in 2013. Demographic and Health Survey (DHS) data show
improvements in childhood nutrition between 2000 and 2011, with
underweight falling from 42.1% to 28.7% and wasting from 12.9% to 9.7%
(Government, 2013). Nevertheless, underweight and wasting in Ethiopia are
more prevalent than the regional averages for Sub-Saharan Africa (UNICEF
2014).

2.2 Data

The ESSs used here were conducted through a partnership of the Central
Statistics Agency of Ethiopia and the World Bank Living Standards
Measurement Study—Integrated Surveys of Agriculture team. In Wave 1, a
stratified, two-stage sampling design was used to select first 290 rural and 43
small town enumeration areas (EA) and then 12 households from each EA;
3,969 households consented to interviews. Excluding 9 zones which were
not sampled, Wave 1 is nationally representative for rural and small-town
households and regionally representative of the four most populous regions
of Amhara, Oromiya, SNNP, and Tigray. Wave 2re-interviewed 3,776 of the
households from Wave 1, losing 5% of respondents to attrition.5 We utilize
data from the household and community questionnaires administered
January to March 2012 for Wave 1 and February to April 2014 for Wave 2,

5 ESS Wave 2 in 2013-2014 included all households sampled in Wave 1 and an
additional 100 urban EAs. The latter were excluded from the analysis.
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and from the livestock questionnaire administered in November/December
of 2011 and 2013.

Within the panel of households, analysis was restricted to those with
children aged 6-59 months (U5) in both waves to make the findings
comparable to previous studies. Thus the analysis covered 2,480 children in
Wave 1 and 2,202 in Wave 2. We also identified a cohort of 1.048 children
who were 6-41 months during Wave 1 and 24-59 months during Wave 2—
thus 6-59 months during both baseline and follow up. This cohort (the panel
sample) allows for tracking of the dynamics in and out of wasting and
underweight and drawing inferences on what drives changes.

2.3 Dependent and Independent Variables

The four outcomes of interest in this analysis are the dependent variables
WHZ, WAZ, and binary indicators of wasting and underweight. Weight,
height, and age in months were collected by interviewers for all children
aged 6-59 months in Wave 1 and 6-83 months in Wave 2. Dates of birth
were confirmed; follow-up questioning clarified discrepancies between
reported and age imputed from date of birth. Weight was recorded in
kilograms to the first decimal point using a hanging Salter-type scale.
Height/length was recorded in centimeters to the first decimal point using a
Shorrboard. Length was measured from a recumbent position for those aged
6-24 months and standing upright for all others. WHZ and WAZ were
calculated using the 2006 WHO child growth standards recommended for
international settings. As WHO recommends, outliers were excluded; WAZ
less than -6 or greater than 5, and WHZ less than -5 or greater than 5were
not included in the final sample (WHO, 2009). Children with WHZ below -2
are classified as wasted and those with WAZ below -2 as underweight.
While research suggests the binary indicators of wasting and underweight
are less efficient, there is no evidence suggesting any meaningful insight can
be gleaned from an increase in WAZ from 3.5 to 4.5, for example (Royston
et al., 2006), so the analysis comprehensively examines both outcomes.



Ethiopian Journal of Economics Vol. XXV No 2, October 2016

121

Our aim is to identify which individual, household, and community factors
are significantly associated with each outcome of interest. Independent
variables tested were identified by previous studies and other relevant factors
on which the ESS collected data. Individual variables include a continuous
variable for child’s age in months (6-59) and binary variables for child’s sex,
being the grandchild of the household head, living biological parents,
mother’s literacy, and occurrence of illnesses in the past two months.
Because a nonlinear relationship has been demonstrated between child age in
months and anthropometric z-scores, in all models we control for age in
months, months squared, and months cubed (Cummins, 2013; Victora et al.,
2010).6 While previous studies typically used mother’s education, we instead
examine mother’s literacy as the majority of women surveyed have never
attended school and are illiterate.

Numerous household variables are available for analysis due to the breadth
of ESS coverage. The household questionnaire allowed for continuous
variables of family size, age of household head, and average number of
months of food insecurity7, along with binary variables for sex of household
head, receiving food aid8, and self-reported experiences of shocks. Using
principal component analysis, an asset index was constructed from a list of
35 household assets that when aggregated reflect a household’s wealth.
Additional binary variables signaling whether a household has a dirt floor, a
solid roof9, access to an improved toilet facility10, and access to an improved

6 Our data confirms the nonlinear relationship.
7 Average number of months of food insecurity was determined by asking
households that reported dealing with this situation at least once in the previous 12
months, “In which months of the last 12 did you experience [a situation when you
did not have enough food to feed the household]?”
8 Food aid includes the household or an individual household member receiving
food or cash assistance through either food-for-work or free food programs.
9 A solid roof is one made of iron or concrete.
10 Improved toilet facilities are private or shared flush toilets and ventilated or non-
ventilated pit latrines. Unimproved facilities are a bucket or field/forest (no
facilities). WHO/JMP standards for improved sanitation facilities treat structurally
improved facilities as unimproved if they are shared by more than one household
(WHO, 2006).
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source of drinking water11 are included separately because the literature
suggests these assets may have an independent effect on nutrition. Shocks
include death or illness of a household member, losses of livestock,
experience of a natural disaster12, and increases in the price of food items or
agricultural inputs in the past 12 months. The livestock questionnaire
provided a final set of household variables; it asked households to report
numbers owned of several types of animals. Binary variables were
constructed for whether households owned at least one female cow, egg-
laying hen, or milking cow.

Community variables were derived from the questionnaires completed by
keyinformants with knowledge of EA infrastructure, organizations, and
resources. Access to a main road, a large weekly market, a store selling basic
medicines, a staffed health post, and Productive Safety Net Program (PSNP)
operation within the kebele (smallest local administrative unit) make up the
community variables, all of which are binary.

3. Methods
3.1 Cross-sectional Analysis

We first describe the cross-sectional methods used to examine for each wave
which factors are associated with wasting, WHZ, underweight status, and
WAZ. Associations are estimated for each dependent variable using OLS
regression separately for each wave using the following model:

Model 1 = + + + + + (1)

In the wasting and underweight versions of the model, is a binary

indicator of wasting or underweight; in the WHZ and WAZ versions, is a

11 Improved water sources are water piped into a dwelling, a yard, or a plot; a public
tap or standpipe; a tubewell or borehole; a protected dug well or spring; bottled
water; and rainwater. Unimproved sources are unprotected springs or dug wells,
carts with small tanks, tanker-trucks, and surface water (WHO, 2006).
12 Drought, flood, landslide, earthquake, fire, and heavy rains that prevented work.
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continuous variable between -6 and 6.13 All other components of the model
are the same in each version: X is a set of characteristics where i represents

the individual; h, signifies the household, and c, the community; is a

vector of coefficients to be estimated; is a set of regional dummies;

and is the error term, clustered at the EA level due to the ESS two-stage
sampling design. Use of wave-specific household weights make the results
representative of rural and small-town areas in Ethiopia in 2012 and 2014.
The OLS cross-sectional model is intended to test whether at a given point in
time different combinations of individual, household, and community factors
are associated with nutritional status. We first look at individual, household,
and community factors separately before combining them.

3.2 Panel Analysis

Next, we use a fixed-effects model to exploit the panel data structure to
examine factors associated with changes in the four outcomes of interest
between the two waves.14As noted above, unlike the cross-sectional analysis,
the fixed-effects modellets us control for unobservable time-invariant factors
and obtain a sense of what drives changes within individuals. In analyzing
the dynamic associations between individual, household, and community
characteristics and children’s nutritional outcomes, we can better identify
factors and populations to target with policies and interventions. We also
examine changes in the four outcome variables after controlling for baseline
nutritional status because factors driving changes into or out of
undernourished states may differ—catch-up growth in malnourished children
can operate differently from the growth patterns of healthy children (Hassan,
2016). Stratifying fixed-effects analyses by baseline nutrition status allows

13 The binary variable models were also run with logit regression, and results were
qualitatively the same as with OLS regression.
14 Hausman tests were performed to test whether omitted variables were correlated
with the variables in the model. All tests were statistically significant at p<0.01—the
omitted variables were not randomly distributed with respect to the error term. This
indicates that a fixed- and not random-effect model is the appropriate choice.
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us to ascertain whether programs targeting prevention of malnutrition need
different components from those targeting its reduction.15

An important limitation of fixed-effects analysis is that it only examines
individuals who experienced changes in status between the two waves and
cannot estimate the effect of any time-invariant observed variables, such as
gender or ethnic group. Additionally, some variables may be capable of
changing over time but simply do not for numerous reasons; for example, the
literacy status of very few mothers changes between waves. Accordingly,
the fixed-effects model covers only independent variables for which 10% or
more of the sample experienced a change between Waves 1 and 2.16

To estimate these changes within the children who were measured in both
waves—those aged 6-41 months old in Wave 1 and 24-59 months old in
Wave 2 whose information for all covariates was complete—the following
fixed effects model was used:

Model 2 = + + + + (2)

As in the cross-sectional model, here is a binary outcome indicator for
child i at time t in the wasting and underweight versions of the model and a
continuous variable in the WHZ and WAZ versions. All other model
components are the same in each version: is a vector of individual

characteristics, of household characteristics; of community

characteristics; is an individual fixed effect; and is the error term, all
at time t. Standard errors are again clustered at the EA level and panel
weights from Wave 2 are used to make the results representative of rural and
small-town children age 6-41 months in 2012.

15 One weakness of stratifying the analysis by baseline nutrition status is the
resulting smaller sample size.
16 Variables excluded here are grandchild of household head, maternal literacy, male
household head, dirt floor, TV ownership, stove ownership, milking goat ownership,
commercial bank, and PSNP presence.
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4. Results
4.1 Descriptive Statistics

Table 1 illustrates all outcomes and independent variables analyzed, by year
of analysis and for children aged 6-59 months during each wave. Prevalence
of wasting was 11% in both waves, marginally higher than the rural
prevalence of 10.2 percent reported in Ethiopia’s 2011 mini-DHS survey
(Central Statistical Agency [Ethiopia] and ICF, 2012). Underweight
prevalence was 26.9% in Wave 1 and 24.9% in Wave 2, both lower than the
DHS finding of 28.7%. The average WHZ was -0.321 in Wave 1 and -0.400
in Wave 2, while average WHA was -1.277 and -1.268. Figure 1 shows
changes in the distributions for WAZ and WHZ between waves.

A few findings stand out in Table 1. As noted, maternal literacy was very
low at 24.1% in Wave 1 and 23.3% in Wave 2. Average household size rose
from 6.08 members to 6.28, a subtle but statistically significant change.
There were also significant changes in the number of households with solid
roofs, improved water sources, and improved toilets, the former two
increasing between waves and the last decreasing. The prevalence of many
self-reported shocks declined between waves, most notably subjective food
price shocks, which were more than twice as common in Wave 1 (27.4%) as
in Wave 2 (12.8%).17 Prevalence of livestock ownership was mostly stable,
the largest change being a 4% increase in female cow ownership (68.6% to
72.5%). The community characteristic which underwent the greatest change
was main road access, which went up from 50.3% to 64.8%.

4.2 Cross-Sectional Analysis

WHZ
Table 2 presents the OLS cross-sectional regression results predicting
children’s WHZ scores. All children between 6-59 months are included in
each wave. Column (1) shows the relative impacts of individual

17 This decline in subjective estimates of food price shocks is supported by objective
stabilization of food prices in 2014 (Woldehanna and Tafere 2015).
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characteristics18, column (2) the impact of household characteristics, column
(3) community characteristics, and column (4) the full model. Tables 3-5
follow the same format for other outcomes. For all four outcomes,
differences in the effects of covariates are observed across waves. Given that
both waves comprise children aged 6-59 months, the majority of these
observed differences are likely due to time rather than age differences.

Starting with individual characteristics, having been ill in the last two
months had a significant negative association with WHZ in the full models
of both waves. This finding, and recent illness also being significantly
associated with negative outcomes in the following models, supports
previous research in Ethiopia and elsewhere.

Moving to household characteristics, living in a male-headed household,
household head age, and having a dirt floor were negatively associated with
WHZ in Wave 1. The negative association for male-headed households was
repeated in Wave 2, contradicting findings in a previous study.19 Having a
solid roof and an improved toilet were positively associated with WHZ in
the full models, each serving as a proxy for wealth and contributing to
improved hygiene and sanitation. Two livestock-related household
characteristics were significant in both models: ownership of female cows
and of laying hen. As expected, both were positively associated with WHZ,
the latter strongly, since owning livestock could indicate wealth and have a
direct or indirect (economic) influence on nutrition.

Wasting
Being male and experiencing illness in the last two months were
significantly associated with wasting in the full model for Wave 1, but
neither was significant in Wave 2 (Table 3). Supporting the findings of

18 The variables “Father is alive” and “Mother is alive” were removed from the
model. The percentage of living fathers did not change between waves, while
attrition resulted in only children with living mothers being in Wave 2 (collinearity).
19 A small regional study in northern Ethiopia by Haidar and Kogi-Makau (2009)
found lower prevalence of stunting and underweight among 6-59-month-olds in
male-headed than female-headed households; wasting prevalence was roughly the
same.
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numerous studies, having an improved water source was significantly
negatively associated with wasting in the household and full models of Wave
1, but not in Wave 2. Having a solid roof was significantly negatively
associated with wasting in the full model of Wave 2, reflecting its positive
association with WHZ from Table 2. Female cow ownership was
significantly negatively associated with wasting in the Wave 2 household
model, but despite the strong association observed with WHZ in Table 2, no
significant association was found between laying hen ownership and
wasting. This implies that laying hen ownership is positively associated with
weight-for-height but not enough to produce a change away from the
wasting threshold. Curiously, self-reported natural disaster shocks in Wave 1
and food price shocks in Wave 2 were negatively associated with wasting,
and community presence of a health post positively associated in Wave 2.

WAZ
Being male was significantly negatively associated with WAZ in the full
models of both waves (Table 4), as was having been ill in the last two
months, with large coefficients and high significance (p<0.01). Having a
solid roof was positively associated with WAZ in the household and full
models of both waves, as was score on the asset index. Female cow
ownership stands out among all household findings for the high significance
levels and relatively large coefficients in its positive association with WAZ
in both models of each wave. Laying hen ownership was also significantly
and positively associated in the household and full models of Wave 2. These
and earlier findings suggest that, directly or indirectly, livestock ownership
is an important determinant of childhood nutritional status in rural and small-
town Ethiopia. A loss of livestock was significantly associated positively
with WAZ in the full model of Wave 2—a curious finding given the
direction of the association.20

Household characteristics with negative significant associations followed
familiar patterns: In Wave 2 male-headed households and age of the

20 Negative shocks from loss of livestock is, by definition, restricted to households
that owned livestock in the past 12 months. Therefore, this finding is probably
linked to the fact that we are subsampling on a “wealthier” group of individuals.
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household head age were negatively associated with WAZ in both models,
as were two communities characteristic: PSNP operation within the kebele,
and the presence of a health post. Both were significant only in Wave 2,
PSNP in the community model and the health post in the full model. Since
the PSNP aims to serve the poorest communities, the negative association
with WAZ likely reflects accurate targeting rather than negative impact. The
same target group explains the association of a health post with lower WAZ,
since this level of facility is usually found only in the poorest communities
(Government, 2013).

Underweight
Using Model 1, illness in the last two months was significant and positive in
both models of both waves (Table 5). As with wasting, being male was
significantly positively associated with underweight status in the full model
of Wave 1. Being the grandchild of the household head had a significant
negative association with underweight in the full model of Wave 1; in Wave
2, having a literate mother had a similar significant negative association in
Wave 2, but only in the individual model.

Significant associations between household characteristics and underweight
status closely mirrored those for WAZ (Table 4)—moreso than was true of
the wasting and WHZ results. Across all models and waves, having a solid
roof had a significant negative association with underweight. Milking cows
and laying hens were negatively associated with underweight in both models
of Wave 2, again suggesting a significant relationship between livestock
assets and nutritional status. In both models and waves, the asset index was
also negatively associated with underweight. Positive associations were also
familiar, with male-headed households and household head age strongly
significant in both models of Wave 2 and death or illness of a household
member significant in both models of Wave 1. Of community
characteristics, only health post presence was significant, this time positively
associated with underweight in Wave 2.
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4.3 Panel Analysis

With regard to nutritional status across time, individuals surveyed in both
ESS waves fall into four categories; as shown in Table 6, only 1.92% of the
panel sample (18 U5 children) were wasted at both baseline and follow-up;
13.02% (121) were wasted in Wave 1 but recovered by Wave 2; 7.07% (66)
were not wasted in Wave 1 but became wasted by Wave 2; and 77.99%
(725) were not wasted at either point. Given the acute nature of wasting, it is
possible (though not probable), that many children fell in and out of wasting
status at multiple points during the two-year survey period—unlike being
underweight, which can relate to either wasting or stunting and is a more
general malnutrition indicator. That would explain why in the sample more
children, 12.23% (128) were underweight at both baseline and follow-up:
16.18% (170) were underweight in Wave 1 but recovered by Wave 2,
11.29% became underweight between waves, and 60.3% (632) were not
underweight at either point. That more children recovered from wasting or
underweight status between waves than fell into either is a positive indicator
for children’s nutrition in Ethiopia, but it also raised the question of why
some children became less well-nourished or remained malnourished.

WHZ
Table 7 presents the fixed effects regression results predicting changes in
children’s WHZ scorebased on Equation 2. Children aged 6-41 months in
Wave 1 and 24-59 months in Wave 2 comprise the sample population, which
is weighted to make results representative of rural and small-town areas. As
in the cross-section tables, the fixed effects results are subdivided into
individual, household, and community, and the full model. Tables 8-10
follow the same format for their outcome variables, as do Tables 7a-10a,
with additional subdivisions by baseline status.

Controlling for fixed effects, we found two characteristics significantly
associated with changes in WHZ. The association with illness in the past two
months was negative in the full model, as it was in the full models of the
cross-sectional WHZ results. The combination of these findings suggests
that recent illness was an important risk factor for lower WHZ at both points
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in time as well as across time (we will discuss this after examining the
remaining outcomes). The second significant variable found was main road
access, a community characteristic not significant in any cross-sectional
results but here positively associated with WHZ. In Table 7a, main road
access continues to have a significant positive association for the wasted at
baseline subgroup, suggesting that improving community access to outside
services via main roads may have broad benefits for children’s WHZ.
Among other significant factors (Table 7a) were changes in possession of a
solid roof and receipt of food assistance, which were both positively
associated with WHZ in children wasted at baseline. In contrast, death or
illness of a household member had a significant negative impact on WHZ
among those wasted at baseline—an unfortunate yet unsurprising finding,
slightly buoyed by the fact that this factor did not drag down the WHZ of
children not wasted at baseline.

Wasting
With Model 2 (Table 8), while having a solid roof was significantly
associated with such positive outcomes as higher WHZ and lower likelihood
of wasting in our cross-sectional models, we found a significant positive
association between solid roof ownership and wasting in our fixed effects
models, as well as among those not wasted at baseline (Table 8a).21 More
intuitive are the results for gaining an improved toilet and water source
(Table 8a): after controlling for fixed effects, those who gained these
household assets and were wasted at baseline were more likely to recover
than those who did not. Experiencing a food price shock in the last 12
months was, oddly, also strongly predictive of recovery from wasting; death
or illness of a household member was strongly predictive of remaining
wasted.

WAZ and underweight
Table 9 presents the fixed effects regression results predicting changes in
children’s WAZ and table 10 for underweight status, both using Model 2.
Illness in the last two months was significantly negatively associated with

21 These results may be spurious due to the small sample of those gaining or losing
access to a solid roof.
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WAZ after controlling for fixed effects, with high significance and a
relatively large coefficient in both individual and full models. In both
models, illness was also significantly positively associated with
underweight. Such associations, found in cross-sectional and fixed effects
analysis for all outcome variables, strongly suggest recent illness is a serious
risk factor for Ethiopian children being or becoming undernourished.
Interestingly, after controlling for baseline underweight status (Tables 9a and
10a), recent illness is only significantly associated with a negative change in
WAZ among children not underweight at baseline.

Together, these finding raise serious questions about responses to illness in
U5s, if medical attention is sought, if feeding decreases, if unsafe or
otherwise ineffective remedies are attempted, and so on. These questions
warrant both further research in rural and small-town Ethiopian contexts and
consideration by policy makers addressing U5 nutrition, health, and
healthcare.

In addition to recent illness, several other factors were associated with
changes in WAZ (Table 9a). After controlling for fixed effects, individuals
not underweight at baseline were more likely to see WAZ decrease when
they received food aid or lived in a community with a health post. Children
underweight at baseline were more likely to see WAZ decrease when a
household member died or was seriously ill. Among children not
underweight at baseline, the family gaining a laying hen or community
access to a main road appeared to be support their remaining at a healthy
weight. Combined with the earlier findings for WHZ and wasting, making
communities more accessible via connection to a main road may be a
strategy for improving or protecting children’s nutritional status.

6. Conclusions

Our cross-sectional findings generally agree with previous studies,
particularly those using data from Ethiopia. Male children, those with male
and older household heads, and those experiencing illness in the last two
months were significantly more likely to have negative nutrition outcomes
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(lower WAZ or WHZ scores or a higher likelihood of wasting and
underweight).Meanwhile, having a solid roof, a female cow, or a laying hen
repeatedly were significantly associated with positive outcomes. Most
community characteristics were insignificant, but having a health post was
significantly associated with negative outcomes for all variables, probably
because they are located in poorer communities.

Some differences from previous studies are worth noting, however. First, we
find better WHZ, WAZ, and underweight outcomes for children in female-
headed households, unlike regional studies in Ethiopia (Alemayehu et al.,
2015; Haidar and Kogi-Makau 2009) and Kenya (Ndiku et al., 2012).
However, the reason for female headship can provide insight into
household’s wellbeing. In our sample, the majority of female household
heads are monogamously married (rather than widowed) and may be
receiving financial transfers from their migrant worker husbands, which
would help give the household’s financial stability and the ability to invest
more in child health. There is also a body of literature that documents the
relatively higher investments female household heads make in the health of
young household members compared to male household heads (Mikalitsa
2015).

Second, we saw no significant association between any outcomes and
household size, though studies that did (Degarege, Degarege, and Animut
2015; Degarege, Hailemeskel, and Erko 2015) also included older children
in their analyses22—context cannot be ignored when assessing problems, and
solutions.

In our panel analysis, illness in the last two months was significantly
associated with negative outcomes for WHZ, wasting, WAZ, and
underweight after controlling for fixed effects, which reinforces our cross-
sectional findings. These results warrant both further research on responses
to illness in young children in rural Ethiopia and consideration by those
involved with children’s health, nutrition, and related policies. The finding

22 It is also possible that order to affect child malnutrition household sizes need to
increase or decrease by a larger magnitude.
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that community access to a main road was associated with positive outcomes
for WHZ and underweight suggests that making rural communities more
accessible may be another strategy for improving children’s health and
nutrition. Findings from Northwest Ethiopia by Stifel and Minten (2015) that
the more remote a household, the greater the decline in household food
security and U5 dietary diversity, seem to support this possibility. Finally,
our finding that receipt of food aid in the last 12 months was significantly
associated with positive outcomes for children who were wasted or
underweight at baseline suggests that accurately targeted food aid may be an
effective intervention.

With the caveat that these findings represent associations not causal
relationships, we offer the following suggestions. Foremost, responses to
illness in young children warrant investigation to determine what actions
households and health centers take, and how these responses relate to the
negative nutritional outcomes we observed. Similarly, more research is
needed on the differences between male and female-headed households with
regard to children’s nutrition. The combination of our findings and those
obtained from the proposed research could then inform nutrition-related
guidelines for health centers, community health workers, and households.
Main road access is also worth further investigation given its demonstrated
association with improved nutritional outcomes. It is likely that increased
accessibility also improves economic outcomes in rural communities and
would therefore further Ethiopia’s progress on related SDGs and national
goals. Finally, our findings suggest that different policy approaches may be
appropriate for preventing or treating undernutrition. Children
undernourished at baseline were more sensitive to household changes such
as asset ownership and food aid than those who were adequately nourished.
Therefore, while new efforts to improve living standards may
simultaneously lift undernourished children to healthier states, emphasis
should also be placed on preventing undernutrition altogether, to make
children more resilient to external changes.
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Tables
Table 1: Descriptive Statistics as means and (standard deviations)

Wave 1 Wave 2
6-59 mo. 6-59 mo.
mean (sd) mean (sd)

Outcomes
Weight-for-height z-score

-0.321 -0.400

(1.481) (1.445)
Wasted

0.110 0.112

(0.313) (0.315)
Weight-for-age z-score

-1.277 -1.268

(1.408) (1.288)
Underweight

0.269 0.249

(0.444) (0.432)

Individual Characteristics
Age in months 32.320 33.000

(15.410) (15.020)
Age in months, squared 1281.800 1314.400

(1010.900) (995.900)
Age in months, cubed 56664.900 57985.600

(57683.800) (57524.500)
Male 0.527 0.499

(0.499) (0.500)
Grandchild 0.058 0.047

(0.234) (0.211)
Father is alive 0.980 0.982

(0.140) (0.133)
Mother is alive 0.992 1.000

(0.088) 0.000
Mother is literate 0.241 0.233

(0.428) (0.423)
Ill in last 2 months 0.213 0.248

(0.409) (0.432)
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Table 1 (cont.): Household Characteristics
Household size 6.078 6.282

(2.065) (2.039)
Male household head 0.896 0.916

(0.306) (0.277)
Age of household head 38.450 38.570

(11.720)
(11.050

)
Dirt floor 0.978 0.977

(0.146) (0.149)
Solid roof 0.372 0.454

(0.483) (0.498)
Improved toilet 0.623 0.579

(0.485) (0.494)
Improved water source 0.455 0.599

(0.498) (0.490)
Asset Index 5.540 5.334

Descriptive Statistics as means and (standard deviations)

(2.537) (2.642)
Months of food insecurity , last 12m 0.996 1.058

(1.587) (1.672)
Received food assistance, last 12m 0.074 0.078

(0.262) (0.268)
Food price shock, last 12m 0.274 0.128

(0.446) (0.334)
Natural disaster, last 12m 0.204 0.123

(0.403) (0.328)
Agricultural inputs price shock, last 12m 0.188 0.101

(0.391) (0.301)
Loss of livestock, last 12m 0.088 0.050

(0.283) (0.219)
Household member death/illness, last
12m

0.150 0.110

(0.357) (0.313)
Female cow ownership 0.686 0.725

(0.464) (0.447)
Laying hen ownership 0.472 0.465

(0.499) (0.499)
Milking cow ownership 0.237 0.229

(0.425) (0.420)
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Table 1 (cont.): Community Characteristics
Main road access 0.503 0.648

(0.500) (0.478)
Large weekly market 0.441 0.507

(0.497) (0.500)
Place to buy basic medicines 0.381 0.438

(0.486) (0.496)
Health post 0.913 0.902

(0.281) (0.298)
PSNP operates in kebele 0.366 0.334

(0.482) (0.472)

Observations 2480 2202

Note: Observations are weighted to make results representative of all rural and
small town areas in Ethiopia during Wave 1 (2012) and Wave 2 (2014).



Ethiopian Journal of Economics Vol. XXV No 2, October 2016

141

Table 2: Linear regression results predicting weight-for-height z-score, 6-59 months (standard errors in parentheses)

Wave 1 Wave 2
Individual Household Community Full Model Individual Household Community Full Model

1 2 3 4 1 2 3 4
Male -0.128 -0.127 -0.083 -0.107

(0.085) (0.083) (0.085) (0.082)
Grandchild 0.037 0.276 0.220 0.101

(0.245) (0.272) (0.216) (0.221)
Mother is literate 0.190 0.105 0.108 0.042

(0.140) (0.145) (0.107) (0.109)
Ill in last 2 months -0.208* -0.182* -0.171 -0.218**

(0.113) (0.101) (0.108) (0.106)
Household size 0.014 0.023 0.029 0.035

(0.028) (0.028) (0.025) (0.025)
Male household head -0.276* -0.234 -0.339** -0.315**

(0.154) (0.153) (0.131) (0.142)
Age of household head -0.008 -0.011* -0.004 -0.006

(0.006) (0.006) (0.004) (0.004)
Dirt floor -0.565* -0.560* -0.243 -0.187

(0.320) (0.327) (0.216) (0.218)
Solid roof 0.074 0.076 0.156 0.195*

(0.121) (0.122) (0.115) (0.111)
Improved toilet -0.162 -0.159 0.202* 0.195*

(0.129) (0.127) (0.114) (0.114)
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Table 2 (cont.): Linear regression results predicting weight-for-height z-score, 6-59 months (standard errors in
parentheses)

Improved water source -0.065 -0.067 -0.079 -0.075
(0.116) (0.120) (0.108) (0.107)

Asset Index 0.042 0.039 0.034 0.033
(0.026) (0.025) (0.022) (0.022)

Months of food insecurity, last 12m -0.007 -0.011 0.041 0.045
(0.034) (0.034) (0.036) (0.035)

Received food assistance, last 12m -0.225 -0.255 -0.073 -0.132
(0.163) (0.160) (0.193) (0.191)

Food price shock, last 12m 0.019 0.008 0.134 0.095
(0.117) (0.119) (0.153) (0.158)

Natural disaster, last 12m 0.211 0.172 -0.104 -0.017
(0.171) (0.154) (0.173) (0.175)

Agricultural inputs price shock, last 12m 0.042 0.067 -0.132 -0.104
(0.150) (0.154) (0.182) (0.168)

Loss of livestock, last 12m -0.225 -0.220 0.121 0.156
(0.160) (0.158) (0.232) (0.225)

Household member death/illness, last 12m -0.200 -0.181 0.066 0.102
(0.133) (0.132) (0.161) (0.161)

Female cow ownership 0.069 0.059 0.222* 0.200
(0.118) (0.115) (0.135) (0.130)

Laying hen ownership -0.042 -0.030 0.265*** 0.272***
(0.117) (0.117) (0.097) (0.094)

Milking cow ownership 0.010 0.006 -0.145 -0.145
(0.160) (0.157) (0.119) (0.121)
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Table 2 (cont.): Linear regression results predicting weight-for-height z-score, 6-59 months (standard errors in
parentheses)

Main road access -0.012 -0.002 0.112 0.130
(0.137) (0.134) (0.119) (0.108)

Large weekly market 0.052 0.038 0.039 0.045
(0.134) (0.133) (0.119) (0.113)

Place to buy basic medicines -0.036 -0.056 -0.134 -0.159
(0.146) (0.148) (0.130) (0.124)

Health post -0.242 -0.194 -0.229 -0.295*
(0.249) (0.240) (0.160) (0.173)

PSNP operates in kebele 0.115 0.174 -0.101 -0.064
(0.155) (0.139) (0.132) (0.120)

Observations 2020 2020 2020 2020 2015 2015 2015 2015

Adjusted R2 0.008 0.019 0.003 0.025 0.029 0.054 0.030 0.063

Notes: *** p<0.01, ** p<0.05, * p<0.1. OLS regressions with standard errors (in parentheses) adjusted for clustering and stratification.
Observations are weighted to be representative of all rural and small town children. All columns control for child's age in months,
months squared, and months cubed.
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Table 3: Linear regression results predicting wasting status, 6-59 months (standard errors in parentheses)
Wave 1 Wave 2

Individual Household Community Full Model Individual Household Community Full Model
1 2 3 4 1 2 3 4

Male 0.030 0.034* 0.015 0.020
(0.019) (0.019) (0.020) (0.019)

Grandchild -0.014 -0.057 0.024 0.068
(0.053) (0.062) (0.048) (0.055)

Mother is literate 0.006 0.022 -0.048** -0.026

(0.025) (0.028) (0.023) (0.021)
Ill in last 2 months 0.051** 0.049** 0.030 0.037

(0.026) (0.025) (0.028) (0.026)
Household size -0.003 -0.003 0.004 0.002

(0.006) (0.006) (0.006) (0.006)
Male household head 0.050* 0.041 0.038 0.045

(0.028) (0.029) (0.030) (0.030)
Age of household head 0.001 0.002 0.000 0.000

(0.001) (0.001) (0.001) (0.001)
Dirt floor 0.034 0.040 0.013 -0.003

(0.034) (0.034) (0.049) (0.049)
Solid roof -0.026 -0.029 -0.049** -0.058***

(0.025) (0.024) (0.021) (0.021)
Improved toilet 0.037 0.033 -0.039 -0.038
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Table 3 (cont.): Linear regression results predicting wasting status, 6-59 months (standard errors in parentheses)
(0.023) (0.024) (0.027) (0.026)

Improved water source -0.044* -0.049** -0.029 -0.026
(0.024) (0.024) (0.023) (0.023)

Asset Index -0.006 -0.006 -0.004 -0.004
(0.005) (0.005) (0.005) (0.005)

Months of food insecurity, last 12m 0.000 0.001 -0.005 -0.006
(0.009) (0.009) (0.008) (0.007)

Received food assistance, last 12m 0.026 0.027 0.015 0.013
(0.041) (0.043) (0.051) (0.049)

Food price shock, last 12m -0.037 -0.040 -0.081** -0.081**
(0.028) (0.027) (0.038) (0.037)

Natural disaster, last 12m -0.056* -0.053* -0.002 -0.011
(0.030) (0.028) (0.036) (0.038)

Agricultural inputs price shock, last 12m 0.030 0.029 0.047 0.043
(0.032) (0.034) (0.039) (0.035)

Loss of livestock, last 12m 0.037 0.039 -0.018 -0.028
(0.032) (0.030) (0.043) (0.041)

Household member death/illness, last 12m 0.036 0.033 -0.007 -0.013
(0.036) (0.036) (0.035) (0.035)

Female cow ownership -0.020 -0.019 -0.050* -0.046
(0.025) (0.025) (0.029) (0.028)

Laying hen ownership -0.018 -0.018 -0.024 -0.022
(0.023) (0.023) (0.022) (0.021)
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Table 3 (cont.): Linear regression results predicting wasting status, 6-59 months (standard errors in parentheses)
Milking cow ownership -0.010 -0.012 0.014 0.017

(0.027) (0.028) (0.028) (0.028)
Main road access 0.008 0.007 -0.004 0.002

(0.025) (0.023) (0.025) (0.022)
Large weekly market -0.014 -0.015 -0.040 -0.037

(0.025) (0.025) (0.025) (0.024)
Place to buy basic medicines 0.014 0.016 0.021 0.026

(0.026) (0.026) (0.026) (0.026)
Health post 0.018 0.007 0.049* 0.069**

(0.029) (0.028) (0.026) (0.032)
PSNP operates in kebele -0.016 -0.014 0.028 0.024

(0.028) (0.025) (0.026) (0.025)
Observations 2020 2020 2020 2020 2015 2015 2015 2015
Adjusted R2 0.014 0.025 0.008 0.031 0.016 0.034 0.017 0.043

Notes:*** p<0.01, ** p<0.05, * p<0.1. OLS regressions with standard errors (in parentheses) adjusted for clustering and stratification.
Observations are weighted to be representative of all rural and small town children. All columns control for child's age in months,
months squared, and months cubed.
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Table 4:  Linear regression results predicting weight-for-age z-score, 6-59 months (standard errors in parentheses)
Wave 1 Wave 2

Individual Household Community Full Model Individual Household Community Full Model
1 2 3 4 1 2 3 4

Male -0.226*** -0.240*** -0.103 -0.127*
(0.067) (0.069) (0.069) (0.067)

Grandchild 0.000 0.079 -0.098 0.052
(0.145) (0.214) (0.140) (0.145)

Mother is literate 0.117 0.013 0.227** 0.057
(0.134) (0.135) (0.104) (0.102)

Ill in last 2 months -0.402*** -0.397*** -0.255*** -0.293***
(0.111) (0.100) (0.091) (0.087)

Household size 0.005 0.005 -0.019 -0.016

(0.029) (0.029) (0.023) (0.023)

Male household head -0.260* -0.240 -0.307** -0.273*

(0.149) (0.150) (0.138) (0.140)

Age of household head -0.001 -0.003 -0.011** -0.011**

(0.004) (0.005) (0.004) (0.005)

Dirt floor -0.100 -0.101 -0.262 -0.232

(0.396) (0.371) (0.203) (0.205)

Solid roof 0.194* 0.195* 0.184** 0.213**

(0.106) (0.105) (0.089) (0.088)

Improved toilet -0.138 -0.119 0.093 0.087
(0.104) (0.099) (0.097) (0.097)
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Table 4 (cont.): Linear regression results predicting weight-for-age z-score, 6-59 months (standard errors in parentheses)

Improved water source 0.084 0.127 0.057 0.057
(0.104) (0.105) (0.095) (0.094)

Asset Index 0.062*** 0.063*** 0.045*** 0.043***
(0.023) (0.024) (0.015) (0.016)

Months of food insecurity, last 12m -0.008 -0.001 0.018 0.021
(0.035) (0.034) (0.031) (0.031)

Received food assistance, last 12m -0.144 -0.171 -0.147 -0.179
(0.120) (0.121) (0.216) (0.206)

Food price shock, last 12m 0.161 0.115 -0.069 -0.086
(0.116) (0.116) (0.144) (0.144)

Natural disaster, last 12m 0.269* 0.252 -0.209 -0.150
(0.153) (0.157) (0.170) (0.178)

Agricultural inputs price shock, last 12m -0.057 -0.052 -0.077 -0.052
(0.157) (0.165) (0.195) (0.192)

Loss of livestock, last 12m -0.202 -0.192 0.367* 0.380*
(0.194) (0.189) (0.218) (0.213)

Household member death/illness, last 12m -0.212 -0.187 -0.049 -0.003
(0.131) (0.127) (0.126) (0.132)

Female cow ownership 0.288** 0.274** 0.308*** 0.295***
(0.121) (0.121) (0.096) (0.097)

Laying hen ownership -0.060 -0.059 0.198** 0.208**
(0.105) (0.105) (0.090) (0.091)
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Table 4 (cont.): Linear regression results predicting weight-for-age z-score, 6-59 months (standard errors in parentheses)

Milking cow ownership -0.034 -0.046 0.024 0.026
(0.140) (0.140) (0.133) (0.133)

Main road access -0.081 -0.072 0.082 0.098
(0.116) (0.113) (0.099) (0.091)

Large weekly market 0.034 0.052 -0.006 -0.007
(0.122) (0.117) (0.101) (0.091)

Place to buy basic medicines 0.109 0.106 0.046 -0.021
(0.125) (0.119) (0.097) (0.092)

Health post -0.054 0.071 -0.216* -0.263**
(0.243) (0.219) (0.116) (0.121)

PSNP operates in kebele 0.076 0.102 -0.182* -0.046
(0.144) (0.156) (0.107) (0.104)

Observations 2162 2162 2162 2162 2121 2121 2121 2121

Adjusted R2 0.035 0.049 0.016 0.067 0.041 0.084 0.033 0.095

Notes: *** p<0.01, ** p<0.05, * p<0.1. OLS regressions with standard errors (in parentheses) adjusted for clustering and stratification.
Observations are weighted to be representative of all rural and small town children. All columns control for child's age in months,
months squared, and months cubed.
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Table 5: Linear regression results predicting underweight status, 6-59 months (standard errors in parentheses)
Wave 1 Wave 2

Individual Household Community Full Model Individual Household Community Full Model

1 2 3 4 1 2 3 4

Male 0.060** 0.064*** 0.019 0.028
(0.023) (0.023) (0.025) (0.025)

Grandchild -0.045 -0.130* 0.006 -0.036
(0.057) (0.075) (0.054) (0.062)

Mother is literate -0.054 -0.016 -0.079*** -0.026
(0.038) (0.040) (0.030) (0.029)

Ill in last 2 months 0.066** 0.063** 0.071** 0.081***
(0.032) (0.029) (0.031) (0.031)

Household size -0.002 -0.005 0.002 0.000
(0.008) (0.008) (0.006) (0.007)

Male household head 0.055 0.039 0.109*** 0.093**
(0.044) (0.045) (0.039) (0.041)

Age of household head 0.002 0.003 0.003*** 0.004***
(0.001) (0.002) (0.001) (0.001)

Dirt floor -0.011 -0.018 0.066 0.061
(0.118) (0.115) (0.071) (0.072)

Solid roof -0.063** -0.064** -0.073*** -0.081***
(0.030) (0.030) (0.027) (0.028)

Improved toilet 0.030 0.027 -0.025 -0.023
(0.032) (0.032) (0.033) (0.033)
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Table 5 (cont.): Linear regression results predicting underweight status, 6-59 months (standard errors in parentheses)

Improved water source -0.028 -0.035 -0.024 -0.022
(0.033) (0.032) (0.030) (0.030)

Asset Index -0.016** -0.014** -0.014*** -0.014**
(0.007) (0.006) (0.005) (0.006)

Months of food insecurity, last 12m 0.005 0.003 -0.011 -0.011
(0.011) (0.011) (0.009) (0.009)

Received food assistance, last 12m 0.011 0.019 -0.007 0.000
(0.043) (0.044) (0.052) (0.049)

Food price shock, last 12m -0.042 -0.036 0.022 0.024
(0.034) (0.034) (0.046) (0.045)

Natural disaster, last 12m -0.086* -0.087* 0.074 0.066
(0.044) (0.047) (0.050) (0.051)

Agricultural inputs price shock, last 12m 0.051 0.047 0.072 0.064
(0.045) (0.047) (0.055) (0.056)

Loss of livestock, last 12m 0.018 0.014 -0.070 -0.072
(0.052) (0.052) (0.068) (0.067)

Household member death/illness, last 12m 0.080* 0.078* 0.029 0.019
(0.041) (0.040) (0.038) (0.038)

Female cow ownership -0.048 -0.044 -0.061** -0.058**
(0.038) (0.038) (0.029) (0.030)

Laying hen ownership -0.017 -0.018 -0.071** -0.074**
(0.032) (0.033) (0.032) (0.031)
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Table 5 (cont.): Linear regression results predicting underweight status, 6-59 months (standard errors in parentheses)

Milking cow ownership -0.052 -0.053 -0.010 -0.009
(0.041) (0.042) (0.034) (0.034)

Main road access -0.006 -0.007 -0.023 -0.025
(0.037) (0.035) (0.028) (0.026)

Large weekly market -0.025 -0.028 0.003 0.001
(0.037) (0.035) (0.030) (0.027)

Place to buy basic medicines -0.031 -0.029 -0.029 -0.008
(0.039) (0.036) (0.030) (0.029)

Health post 0.042 0.020 0.080* 0.092**
(0.058) (0.059) (0.042) (0.044)

PSNP operates in kebele -0.017 -0.018 0.039 -0.003
(0.045) (0.046) (0.032) (0.029)

Observations 2162 2162 2162 2162 2121 2121 2121 2121

Adjusted R2 0.027 0.046 0.018 0.056 0.026 0.062 0.020 0.069

Notes:*** p<0.01, ** p<0.05, * p<0.1. OLS regressions with standard errors (in parentheses) adjusted for clustering and stratification.
Observations are weighted to be representative of all rural and small town children. All columns control for child's age in months,
months squared, and months cubed.
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Table 6: Dynamics of wasting and underweight in Panel A

Wasting

Always wasted Started wasted Ended wasted Never wasted Total

% 1.92 13.02 7.07 77.99

Observations 18 121 66 725 929

Underweight

Always underweight Started underweight Ended underweight Never underweight Total

% 12.23 16.18 11.29 60.3

Observations 128 170 118 632 1048

Notes: The panel sample consists of individuals 6-41 months at baseline and 24-59 months at follow-up, and thus were 6-59 months at
both baseline and follow-up. Number of observations are weighted using adjusted panel weights from ESS2. Columns are mutually
exclusive.
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Table 7: Fixed-effects regression results predicting a change in weight-
for-height z-score for Panel A (standard errors in parentheses)

Individual Household Community Full Model

1 2 3 4

Ill in last 2 months -0.240 -0.294**
(0.147) (0.143)

Household size -0.009 -0.025
(0.088) (0.084)

Age of household head 0.002 0.002
(0.021) (0.022)

Solid roof -0.231 -0.177
(0.190) (0.201)

Improved toilet -0.091 -0.046
(0.108) (0.114)

Improved water source 0.007 -0.022
(0.157) (0.151)

Asset Index 0.029 0.030
(0.034) (0.033)

Months of food insecurity, last 12m 0.005 0.008
(0.048) (0.046)

Received food assistance, last 12m -0.027 -0.094
(0.259) (0.263)

Food price shock, last 12m 0.132 0.162
(0.157) (0.158)

Natural disaster, last 12m -0.173 -0.212
(0.241) (0.233)

Agricultural inputs price shock, last 12m 0.188 0.171
(0.160) (0.165)

Loss of livestock, last 12m 0.378 0.398
(0.290) (0.289)

Household member death/illness, last 12m -0.052 -0.059
(0.213) (0.194)

Female cow ownership 0.120 0.137
(0.183) (0.186)

Laying hen ownership 0.118 0.130
(0.126) (0.128)
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Table 7 (cont.): Fixed-effects regression results predicting a change in…
Milking cow ownership -0.284 -0.266

(0.215) (0.204)

Main road access 0.281* 0.278*

(0.166) (0.160)

Large weekly market 0.052 0.036

(0.198) (0.186)

Place to buy basic medicines -0.006 -0.084

(0.166) (0.158)

Health post 0.110 0.089

(0.207) (0.198)

Observations 1994 1994 1994 1994

Adjusted R2 0.005 0.016 0.013 0.035

Notes: *** p<0.01, ** p<0.05, * p<0.1. Fixed effect regressions with standard errors
(in parentheses) adjusted for clustering and stratification. Observations are weighted
to be representative of all rural and small town children. The panel sample consists
of individuals 6-41 months at baseline and 24-59 months at follow-up, and thus
were 6-59 months at both baseline and follow-up. The set of independent variables
included in each column was restricted to those variables for which at least 10% of
the sample experienced a change between Waves 1 and 2. Variables excluded due to
this criterion include grandchild of household head, maternal literacy, male
household head, dirt floor, and PSNP presence. All columns control for child’s age
in months, months squared, and months cubed.
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Table 7a: Fixed-effects regression results predicting a change in WHZ, by baseline status (standard errors in parentheses)

Wasted at Baseline Not Wasted at Baseline
Individual Household Community Full Model Individual Household Community Full Model

1 2 3 4 1 2 3 4
Ill in last 2 months -0.603* -0.355 -0.054 -0.096

(0.321) (0.326) (0.099) (0.109)
Household size 0.102 0.068 0.031 0.020

(0.122) (0.142) (0.073) (0.073)
Age of household head -0.053 -0.077* 0.005 0.008

(0.042) (0.045) (0.014) (0.014)
Solid roof 1.237** 1.283** -0.242* -0.200

(0.518) (0.496) (0.142) (0.158)
Improved toilet 0.411 0.628 0.033 0.072

(0.399) (0.407) (0.113) (0.113)
Improved water source 0.236 0.223 -0.165 -0.185

(0.319) (0.298) (0.112) (0.116)
Asset Index -0.065 -0.047 0.046 0.046

(0.076) (0.074) (0.030) (0.030)
Months of food insecurity, last 12m 0.090 0.096 0.011 0.013

(0.078) (0.076) (0.042) (0.041)
Received food assistance, last 12m 0.903*** 0.631** -0.301 -0.346

(0.302) (0.316) (0.216) (0.213)
Food price shock, last 12m 0.188 0.386 0.112 0.111

(0.307) (0.305) (0.156) (0.160)
Natural disaster, last 12m -0.290 -0.406 -0.269 -0.266

(0.261) (0.285) (0.216) (0.209)
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Table 7a. (cont.): Fixed-effects regression results predicting a change in WHZ, by baseline status (standard errors in parentheses)

Agricultural inputs price shock, last 12m 0.290 0.245 0.196 0.184
(0.427) (0.502) (0.122) (0.123)

Loss of livestock, last 12m 0.436 0.496 0.308 0.286
(0.529) (0.557) (0.213) (0.207)

Household member death/illness, last 12m -1.030*** -1.120*** 0.318** 0.303**
(0.268) (0.290) (0.135) (0.133)

Female cow ownership 0.129 0.093 0.027 0.039
(0.357) (0.371) (0.143) (0.147)

Laying hen ownership -0.153 -0.079 0.134 0.143
(0.384) (0.366) (0.114) (0.116)

Milking cow ownership -0.380 -0.243 -0.274 -0.262
(0.320) (0.319) (0.196) (0.191)

Main road access 0.170 0.384* 0.236 0.237
(0.268) (0.197) (0.156) (0.146)

Large weekly market 0.079 0.289 -0.007 -0.043
(0.334) (0.210) (0.186) (0.167)

Place to buy basic medicines -0.265 -0.729*** 0.064 -0.006
(0.253) (0.245) (0.156) (0.140)

Health post -0.724* 0.037 0.077 0.061
(0.364) (0.376) (0.195) (0.173)

Observations 247 247 247 247 1747 1747 1747 1747
Adjusted R2 0.736 0.824 0.730 0.844 0.067 0.109 0.078 0.118

Notes: *** p<0.01, ** p<0.05, * p<0.1. Fixed effect regressions with standard errors (in parentheses) adjusted for clustering and
stratification. Observations are weighted to be representative of all rural and small town children. The panel sample consists of
individuals 6-41 months at baseline and 24-59 months at follow-up, and thus were 6-59 months at both baseline and follow-up. The set
of independent variables included in each column was restricted to those variables for which at least 10% of the sample experienced a
change between Waves 1 and 2. Variables excluded due to this criterion include grandchild of household head, maternal literacy, male
household head, dirt floor, and PSNP presence. All columns control for child’s age in months, months squared, and months cubed.



Chris Cintron, Ilana Seff and Sarah Baird: Dynamics of wasting and underweight in Ethiopian…

158

Table 8: Fixed-effects regression results predicting a change in wasting
status for Panel A (standard errors in parentheses)

Individual Household Community Full Model
1 2 3 4

Ill in last 2 months 0.058 0.068*
(0.037) (0.035)

Household size 0.009 0.012
(0.021) (0.020)

Age of household head -0.004 -0.004
(0.005) (0.005)

Solid roof 0.133*** 0.132***
(0.049) (0.051)

Improved toilet 0.037 0.029
(0.033) (0.036)

Improved water source -0.050 -0.043
(0.033) (0.032)

Asset Index -0.003 -0.003
(0.010) (0.010)

Months of food insecurity, last 12m 0.009 0.008
(0.013) (0.013)

Received food assistance, last 12m -0.061 -0.052
(0.054) (0.054)

Food price shock, last 12m -0.050 -0.062
(0.039) (0.039)

Natural disaster, last 12m -0.036 -0.018
(0.047) (0.044)

Agricultural inputs price shock, last 12m 0.007 0.016
(0.045) (0.045)

Loss of livestock, last 12m -0.042 -0.058
(0.067) (0.065)

Household member death/illness, last 12m 0.016 0.017
(0.060) (0.056)

Female cow ownership 0.029 0.026
(0.044) (0.044)

Laying hen ownership -0.002 -0.009
(0.026) (0.027)

Milking cow ownership 0.014 0.014
(0.049) (0.047)

Main road access -0.048 -0.041
(0.038) (0.037)

Large weekly market -0.045 -0.034
(0.043) (0.039)

Place to buy basic medicines 0.053 0.065*
(0.038) (0.037)

Health post -0.036 -0.009
(0.038) (0.039)

Observations 1994 1994 1994 1994
Adjusted R2 0.038 0.053 0.048 0.071
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Notes: *** p<0.01, ** p<0.05, * p<0.1. Fixed effect regressions with standard errors (in
parentheses) adjusted for clustering and stratification. Observations are weighted to be
representative of all rural and small town children. The panel sample consists of individuals
6-41 months at baseline and 24-59 months at follow-up, and thus were 6-59 months at both
baseline and follow-up. The set of independent variables included in each column was
restricted to those variables for which at least 10% of the sample experienced a change
between Waves 1 and 2. Variables excluded due to this criterion include grandchild of
household head, maternal literacy, male household head, dirt floor, and PSNP presence. All
columns control for child’s age in months, months squared, and months cubed.
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Table 8a: Fixed-effects regression results predicting a change in wasting status, by baseline status (standard errors in parentheses)

Wasted at Baseline Not Wasted at Baseline

Individual Household Community Full Model Individual Household Community Full Model

1 2 3 4 1 2 3 4

Ill in last 2 months 0.077 -0.027 0.014 0.021
(0.087) (0.084) (0.018) (0.020)

Household size -0.013 0.008 -0.005 -0.005
(0.036) (0.045) (0.011) (0.010)

Age of household head 0.009 0.014 -0.006 -0.006*
(0.010) (0.010) (0.004) (0.003)

Solid roof 0.021 -0.015 0.083** 0.093**
(0.105) (0.101) (0.039) (0.040)

Improved toilet -0.278* -0.310* 0.000 -0.004
(0.163) (0.173) (0.029) (0.027)

Improved water source -0.160** -0.140* -0.017 -0.012
(0.080) (0.076) (0.025) (0.024)

Asset Index -0.004 0.002 -0.004 -0.004
(0.024) (0.022) (0.007) (0.006)

Months of food insecurity, last 12m 0.002 0.005 0.000 0.000
(0.022) (0.023) (0.008) (0.008)

Received food assistance, last 12m -0.045 -0.040 -0.020 -0.020
(0.110) (0.143) (0.034) (0.032)

Food price shock, last 12m -0.219** -0.266*** -0.013 -0.023

(0.090) (0.099) (0.032) (0.032)
Natural disaster, last 12m 0.066 0.117 -0.012 -0.002

(0.088) (0.085) (0.043) (0.040)
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Table 8a (cont.): Fixed-effects regression results predicting a change in wasting status, by baseline status (standard errors in parentheses)

Agricultural inputs price shock, last 12m -0.121 -0.095 0.011 0.021
(0.145) (0.171) (0.031) (0.030)

Loss of livestock, last 12m 0.025 0.012 -0.018 -0.034
(0.140) (0.146) (0.048) (0.047)

Household member death/illness, last 12m 0.216** 0.271*** -0.057 -0.056
(0.085) (0.099) (0.038) (0.038)

Female cow ownership 0.176* 0.179* 0.040 0.040
(0.090) (0.098) (0.031) (0.031)

Laying hen ownership -0.104 -0.098 0.004 -0.004
(0.086) (0.084) (0.017) (0.019)

Milking cow ownership 0.165 0.151 0.013 0.017
(0.124) (0.117) (0.032) (0.031)

Main road access -0.055 -0.075 -0.020 -0.017
(0.067) (0.055) (0.031) (0.028)

Large weekly market -0.058 -0.103 -0.022 -0.009
(0.077) (0.072) (0.036) (0.032)

Place to buy basic medicines -0.059 0.123 0.058* 0.067**
(0.094) (0.075) (0.030) (0.030)

Health post 0.102 -0.015 -0.007 0.008
(0.094) (0.139) (0.018) (0.022)

Observations 247 247 247 247 1747 1747 1747 1747
Adjusted R2 0.820 0.871 0.821 0.877 0.068 0.089 0.085 0.109

Notes: *** p<0.01, ** p<0.05, * p<0.1. Fixed effect regressions with standard errors (in parentheses) adjusted for clustering and stratification.
Observations are weighted to be representative of all rural and small town children. The panel sample consists of individuals 6-41 months at
baseline and 24-59 months at follow-up, and thus were 6-59 months at both baseline and follow-up. The set of independent variables included
in each column was restricted to those variables for which at least 10% of the sample experienced a change between Waves 1 and 2. Variables
excluded due to this criterion include grandchild of household head, maternal literacy, male household head, dirt floor, and PSNP presence. All
columns control for child’s age in months, months squared, and months cubed.
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Table 9: Fixed-effects regression results predicting a change in weight-
for-age z-score for Panel A (standard errors in parentheses)

Individual Household Community Full Model
1 2 3 4

Ill in last 2 months -0.377*** -0.373***
(0.118) (0.115)

Household size -0.063 -0.082
(0.071) (0.071)

Age of household head 0.006 0.007
(0.018) (0.017)

Solid roof 0.048 0.021
(0.186) (0.184)

Improved toilet 0.084 0.064
(0.101) (0.103)

Improved water source -0.103 -0.124
(0.118) (0.118)

Asset Index 0.005 0.008
(0.026) (0.026)

Months of food insecurity, last 12m 0.041 0.038
(0.039) (0.038)

Received food assistance, last 12m 0.037 0.040
(0.149) (0.162)

Food price shock, last 12m -0.208 -0.157
(0.153) (0.152)

Natural disaster, last 12m 0.004 -0.011
(0.124) (0.129)

Agricultural inputs price shock, last 12m 0.037 0.026
(0.126) (0.131)

Loss of livestock, last 12m 0.079 0.110
(0.246) (0.241)

Household member death/illness, last 12m -0.201 -0.147
(0.185) (0.177)

Female cow ownership 0.279 0.273
(0.188) (0.185)

Laying hen ownership -0.067 -0.043
(0.108) (0.109)

Milking cow ownership -0.015 -0.018
(0.122) (0.121)

Main road access 0.081 0.131
(0.095) (0.094)

Large weekly market -0.068 -0.066
(0.114) (0.113)

Place to buy basic medicines -0.085 -0.085
(0.115) (0.117)

Health post -0.093 -0.132
(0.154) (0.166)

Observations 2115 2115 2115 2115
Adjusted R2 0.027 0.021 0.010 0.041

Notes: *** p<0.01, ** p<0.05, * p<0.1. Fixed effect regressions with standard errors
(in parentheses) adjusted for clustering and stratification. Observations are weighted



Ethiopian Journal of Economics Vol. XXV No 2, October 2016

163

to be representative of all rural and small town children. The panel sample consists
of individuals 6-41 months at baseline and 24-59 months at follow-up, and thus
were 6-59 months at both baseline and follow-up. The set of independent variables
included in each column was restricted to those variables for which at least 10% of
the sample experienced a change between Waves 1 and 2. Variables excluded due to
this criterion include grandchild of household head, maternal literacy, male
household head, dirt floor, and PSNP presence. All columns control for child’s age
in months, months squared, and months cubed.
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Table 9a: Fixed-effects regression results predicting a change in WAZ, by baseline status (standard errors in
parentheses)

Underweight at Baseline Not Underweight at Baseline
Individual Household Community Full Model Individual Household Community Full Model

1 2 3 4 1 2 3 4
Ill in last 2 months -0.354 -0.330 -0.226** -0.255***

(0.290) (0.274) (0.094) (0.094)
Household size 0.094 0.106 -0.032 -0.054

(0.121) (0.108) (0.066) (0.064)
Age of household head -0.018 -0.026 0.004 0.009

(0.051) (0.054) (0.016) (0.016)
Solid roof 0.080 0.053 -0.087 -0.137

(0.400) (0.409) (0.159) (0.165)
Improved toilet -0.147 -0.131 0.162 0.137

(0.193) (0.203) (0.106) (0.105)
Improved water source 0.069 0.046 0.029 0.017

(0.254) (0.250) (0.106) (0.108)
Asset Index -0.037 -0.026 0.022 0.022

(0.054) (0.053) (0.026) (0.026)
Months of food insecurity, last 12m 0.117* 0.111* 0.030 0.027

(0.065) (0.065) (0.035) (0.035)
Received food assistance, last 12m 0.944** 0.735* -0.257** -0.215*

(0.391) (0.420) (0.127) (0.113)
Food price shock, last 12m -0.431* -0.296 -0.194 -0.188

(0.251) (0.275) (0.118) (0.119)
Natural disaster, last 12m -0.143 -0.240 0.030 0.065

(0.297) (0.294) (0.121) (0.127)
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Agricultural inputs price shock, last 12m -0.122 -0.124 -0.066 -0.071
(0.280) (0.280) (0.128) (0.130)

Loss of livestock, last 12m -0.002 -0.026 0.287* 0.295*
(0.466) (0.448) (0.158) (0.164)

Household member death/illness, last 12m -0.528* -0.493* 0.093 0.157
(0.307) (0.292) (0.148) (0.149)

Female cow ownership 0.072 0.051 0.258 0.265
(0.264) (0.243) (0.168) (0.165)

Laying hen ownership 0.134 0.166 -0.016 -0.009
(0.231) (0.229) (0.098) (0.097)

Milking cow ownership -0.254 -0.167 -0.052 -0.067
(0.332) (0.322) (0.115) (0.116)

Main road access 0.166 0.172 0.085 0.114
(0.204) (0.204) (0.094) (0.090)

Large weekly market -0.245 -0.224 -0.098 -0.124
(0.226) (0.265) (0.117) (0.123)

Place to buy basic medicines -0.383** -0.394* 0.053 0.047
(0.172) (0.200) (0.118) (0.114)

Health post -0.217 0.028 -0.207 -0.261*
(0.351) (0.410) (0.133) (0.146)

Observations 594 594 594 594 1521 1521 1521 1521
Adjusted R2 0.320 0.361 0.326 0.379 0.183 0.197 0.181 0.215
Notes: *** p<0.01, ** p<0.05, * p<0.1. Fixed effect regressions with standard errors (in parentheses) adjusted for clustering and
stratification. Observations are weighted to be representative of all rural and small town children. The panel sample consists of
individuals 6-41 months at baseline and 24-59 months at follow-up, and thus were 6-59 months at both baseline and follow-up. The set
of independent variables included in each column was restricted to those variables for which at least 10% of the sample experienced a
change between Waves 1 and 2. Variables excluded due to this criterion include grandchild of household head, maternal literacy, male
household head, dirt floor, and PSNP presence. All columns control for child’s age in months, months squared, and months cubed.
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Table 10: Fixed-effects regression results predicting a change in underweight
status for Panel A (standard errors in parentheses)

Individual Household Community Full Model
1 2 3 4

Ill in last 2 months 0.071* 0.069*
(0.040) (0.039)

Household size 0.011 0.018
(0.025) (0.025)

Age of household head -0.004 -0.004
(0.005) (0.005)

Solid roof -0.038 -0.043
(0.065) (0.066)

Improved toilet -0.011 -0.013
(0.045) (0.043)

Improved water source 0.038 0.048
(0.040) (0.040)

Asset Index 0.001 0.002
(0.009) (0.009)

Months of food insecurity, last 12m 0.006 0.038
(0.011) (0.011)

Received food assistance, last 12m -0.008 0.040
(0.048) (0.049)

Food price shock, last 12m 0.010 -0.157
(0.057) (0.056)

Natural disaster, last 12m -0.016 -0.010
(0.044) (0.044)

Agricultural inputs price shock, last 12m -0.026 0.026
(0.056) (0.056)

Loss of livestock, last 12m -0.032 0.110
(0.072) (0.071)

Household member death/illness, last 12m 0.064 -0.147
(0.056) (0.055)

Female cow ownership -0.048 -0.050
(0.061) (0.058)

Laying hen ownership -0.001 -0.006
(0.040) (0.040)

Milking cow ownership -0.009 -0.016
(0.050) (0.051)

Main road access -0.039 -0.055*
(0.031) (0.029)

Large weekly market -0.009 -0.011
(0.042) (0.040)

Place to buy basic medicines -0.085 -0.009
(0.035) (0.036)

Health post 0.024 0.034
(0.048) (0.051)

Observations 2115 2115 2115 2115
Adjusted R2 0.019 0.016 0.015 0.024

Notes: *** p<0.01, ** p<0.05, * p<0.1. Fixed effect regressions with standard errors
(in parentheses) adjusted for clustering and stratification. Observations are weighted
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to be representative of all rural and small town children. The panel sample consists
of individuals 6-41 months at baseline and 24-59 months at follow-up, and thus
were 6-59 months at both baseline and follow-up. The set of independent variables
included in each column was restricted to those variables for which at least 10% of
the sample experienced a change between Waves 1 and 2. Variables excluded due to
this criterion include grandchild of household head, maternal literacy, male
household head, dirt floor, and PSNP presence. All columns control for child’s age
in months, months squared, and months cubed.
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Table 10a: Fixed-effects regression results predicting a change in underweight status, by baseline status (standard errors in parentheses)

Underweight at Baseline Not Underweight at Baseline

Individual Household Community Full Model Individual Household Community Full Model

1 2 3 4 1 2 3 4
Ill in last 2 months 0.061 0.016 0.011 0.009

(0.083) (0.096) (0.037) (0.032)
Household size 0.029 0.028 -0.019 -0.013

(0.060) (0.061) (0.019) (0.018)
Age of household head -0.009 -0.009 0.002 0.001

(0.016) (0.017) (0.004) (0.004)
Solid roof -0.097 -0.089 0.008 0.012

(0.132) (0.133) (0.054) (0.058)
Improved toilet 0.057 0.062 -0.036 -0.041

(0.086) (0.091) (0.034) (0.034)
Improved water source 0.039 0.044 -0.027 -0.009

(0.086) (0.090) (0.043) (0.046)
Asset Index 0.007 0.007 -0.001 0.000

(0.020) (0.020) (0.009) (0.009)
Months of food insecurity, last 12m -0.022 -0.021 0.002 (0.010)

(0.021) (0.021) (0.010) (0.010)
Received food assistance, last 12m -0.230 -0.254* 0.083 0.076

(0.153) (0.152) (0.056) (0.050)
Food price shock, last 12m 0.133 0.135 -0.033 -0.027

(0.097) (0.110) (0.046) (0.046)
Natural disaster, last 12m 0.044 0.038 -0.003 -0.007

(0.111) (0.108) (0.040) (0.040)
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Agricultural inputs price shock, last 12m 0.043 0.031 0.005 0.007
(0.107) (0.111) (0.060) (0.061)

Loss of livestock, last 12m 0.018 0.024 -0.103 -0.100
(0.091) (0.093) (0.067) (0.065)

Household member death/illness, last 12m 0.130 0.115 -0.001 -0.007
(0.097) (0.101) (0.051) (0.051)

Female cow ownership 0.003 0.005 -0.033 -0.032
(0.090) (0.090) (0.046) (0.047)

Laying hen ownership 0.002 -0.005 -0.058* -0.064**
(0.080) (0.081) (0.031) (0.031)

Milking cow ownership 0.082 0.077 0.002 -0.009
(0.116 (0.118) (0.053) (0.051)

Main road access -0.023 0.004 -0.067*** -0.074***
(0.080) (0.079) (0.025) (0.024)

Large weekly market 0.010 -0.014 0.004 0.008
(0.094) (0.098) (0.036) (0.037)

Place to buy basic medicines -0.014 -0.036 -0.019 -0.003
(0.062) (0.067) (0.031) (0.034)

Health post 0.127 0.068 0.059 0.062
(0.129) (0.147) (0.045) (0.048)

Observations 594 594 594 594 1521 1521 1521 1521
Adjusted R2 0.390 0.405 0.388 0.401 0.176 0.193 0.193 0.209
Notes: *** p<0.01, ** p<0.05, * p<0.1. Fixed effect regressions with standard errors (in parentheses) adjusted for clustering and stratification. Observations
are weighted to be representative of all rural and small town children. The panel sample consists of individuals 6-41 months at baseline and 24-59 months at
follow-up, and thus were 6-59 months at both baseline and follow-up. The set of independent variables included in each column was restricted to those
variables for which at least 10% of the sample experienced a change between Waves 1 and 2. Variables excluded due to this criterion include grandchild of
household head, maternal literacy, male household head, dirt floor, and PSNP presence. All columns control for child’s age in months, months squared, and
months cubed.



Chris Cintron, Ilana Seff and Sarah Baird: Dynamics of wasting and underweight in Ethiopian…

170

Figures
Figure 1: Weight-for-age and weight-for-height z-scores, waves 1 and 2
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1. Introduction

Accounting for an estimated 35-50% of rural household earnings in the
developing world and an average of 34% of rural earnings across Africa
(Haggblade et al., 2010), the rural nonfarm sector matters for development.
Nonfarm enterprises (NFEs), in particular, have been hailed as an instrument
of rural growth (Davis et al., 2010; Prahalad, 2005).  Studies throughout sub-
Saharan Africa also show that NFE operation is positively correlated with
household welfare, though the direction of causality is still unclear (Fox &
Sohnesen, 2012). The growth-wielding potential of NFEs have made them
an integral component of the development research agenda in recent years.7

In Ethiopia, studies show that participation in NFEs has risen from 23% in
1998 to 34% in 2006 (Loening et al. 2008).8 Growth in the nonfarm sector
coincides with recent positive economic developments in the country, which
has seen rapid economic expansion in recent years. Annual per capita GDP
growth rates ranged from 4.0% to 9.8% over the past ten years (African
Development Bank Group, 2014), and the country’s poverty headcount ratio
has fallen from 45.5% in 1995 to 29.6% in 2011 (World Bank, 2014). The
question exists as to what role nonfarm enterprises might have played in
bringing about this progress. Moreover, the Ethiopian government has
included developing the micro and small enterprise sector as an objective of
its Growth and Transformation Plan (MoFED, 2010).

1.1. NFEs, seasonality, and risk mitigation

One claim made in the literature about NFEs, which we explore in this paper
in the context of Ethiopia, suggests they may represent an income smoothing
opportunity (Loening et al., 2008). This claim is driven by the potential of
NFEs to provide diversified income sources when agricultural earnings are

7See numerous studies conducted over the past two decades on NFEs in west Africa
using IRD-DIAL’s innovative 1-2-3 surveys.
8NFEs are defined as any income generating business a household operates which
does not involve the primary production of crops or livestock. Included in this
definition of NFEs are activities that add value to primary production, such as the
processing of agricultural by-products.
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low, thereby mitigating income risk (Davis et al., 2010). Agricultural
production is highly seasonal, creating substantial income fluctuations
throughout the year. Although households engaged in agriculture can
generate sizeable income streams to support consumption during the harvest
season when yields are high, these income streams diminish as agricultural
activity declines. This often leaves households vulnerable to food insecurity
during the lean season. NFEs are hypothesized to provide an opportunity for
households to smooth consumption, insofar as returns from nonfarm activity
are uncorrelated or negatively correlated with the returns to agricultural
production (Haggblade et al., 2010). This would enable households to draw
upon alternative income sources outside of the agricultural season to sustain
their consumption levels. By generating household income during the
agricultural off-season, NFE ownership may also create a buffer for
households to rely on in the face of negative shocks, thus reducing
vulnerability.

NFEs may also provide further means of risk diversification in the face of
aggregate shocks to agricultural production, such as drought. Aggregate
shocks weaken the alleviating role of informal mutual assistance networks,
and in the absence of well-functioning insurance markets, nonfarm
enterprises may act as insurance mechanisms for households. Thus, when
agricultural income falls short, households can channel their capital and
labor into NFEs and utilize this alternative method of income generation to
replace lost agricultural income in part or in full. The risk-mitigating
opportunities that NFEs may provide are also linked to the issue of food
security; they may reduce a household’s within-year variability of the
capacity to purchase or produce food. Therefore, food security can be
improved if households have access to alternative income sources in the face
of low agricultural earnings or agricultural shocks (Owusu et al., 2010; Ali
and Peerlings, 2012; Barrett et al., 2001).

Alternatively, since agricultural production still represents the largest rural
economic activity in developing countries, the rural nonfarm sector may
display strong dependency links to the agricultural economy (Haggblade et
al., 1989; Reardon et al., 1994). Therefore, just as the growth of the nonfarm
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sector may depend on the growth of agricultural productivity, the income
generating, and thus consumption smoothing, potential of NFEs may depend
on the timing of and profits generated by agricultural production. Strong
links with the agricultural economy may cause streams from nonfarm
enterprise operation to be highly cyclical and correlated with agriculture
(Haggblade et al., 2010), making them an insufficient means by which to
smooth consumption.

Furthermore, if NFE income is strongly dependent on agricultural activity,
NFEs may not provide an effective means of risk mitigation in the face of
aggregate shocks to agriculture. There are two reasons for this, one being a
supply-side problem and the other being a demand-side problem. First, in the
absence of efficient credit markets, if agricultural income is insufficient,
households may not have the capital necessary to invest in starting or
growing an NFE (Reardon et al., 1994). Second, operating an NFE in an
agricultural economy may be heavily dependent on the demand for nonfarm
products and services, which is generated by earnings from agricultural
production (Rijkers et al., 2008). Therefore, the effectiveness of using NFEs
as insurance against risks remains uncertain and context-dependent. For
example, if starting an NFE is highly dependent on an initial injection of
agriculture income, or vice versa, then one could argue that operating a farm
and an NFE are not necessarily diversifying; a threat to one activity is also a
threat to the other.

1.2 NFEs in Ethiopia

There is some evidence from Ethiopia suggesting households might use
NFEs to complement farming income during the agricultural off seasons.
Loening et al. (2008) find NFE activity to be seasonal but countercyclical
with agriculture, providing an alternative source of household income during
times of low agricultural activity. However, the magnitude of additional
income provided is called into question by the authors, who point to the
small size as well as low productivity of NFEs. Conversely, risk
diversification effects of NFEs are found to be low by Rijkers and Söderbom
(2013) using the same RICS-Amhara data as Ali and Peerlings (2012),
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matched with precipitation-based measures of risk. They show that the
likelihood of operating an NFE and the returns to NFE operation are highly
correlated with agricultural productivity shocks, thus providing only limited
opportunities to smooth income across agricultural fluctuations. They infer
that a good harvest is favorable to NFE activity through increasing local
demand, but that NFE operation is not effective in mitigating weather risk.
They also find that ex-ante, there is no strong link between vulnerability to
shocks and NFE ownership.

Overall, the existing theoretical literature on the nonfarm sector, as well as
the empirical findings on NFEs in Ethiopia display mixed findings on the
role that they play in mitigating risk and smoothing consumption. In
addition, evidence has been collected largely based on data with incomplete
coverage of Ethiopia as a whole. Past research on NFEs and the nonfarm
sector in Ethiopia has focused on Amhara (Ali and Peerlings, 2012; Rijkers
and Sӧderbom, 2013) or Tigray (Woldenhanna and Oskam, 2001), or on a
sample that otherwise covers less of the entire rural population (Loening et

al., 2008; Bezu et al., 2012). The wider coverage of the survey data we use
allows us to make very careful inferences about the situation of NFEs in
rural Ethiopia. Moreover, since we use survey data from 2011-2012, our
analysis reflects recent information on NFEs in rural Ethiopia, which carries
great relevance for current policy.

Therefore, the aim of our analysis is to update and expand insight into the

role of NFEs in Ethiopia. Using nationally representative data we are able to
provide a clearer and more comprehensive picture of nonfarm enterprises in

rural Ethiopia and the households that operate them. The analysis of NFEs

presented hereafter broadly yields two main findings. Firstly, nonfarm
enterprises are largely pro-cyclical with agriculture; the highest months of

NFE activity coincide with the harvest season and the sale of crops. Further

analysis suggests this dependency is driven by both supply and demand side
links to agricultural income; though evidence implies demand-driven factors

may more fully explain this pro-cyclicality. Secondly, we find income from

NFEs does not temporally complement agricultural income or help
households to generate steady streams of income throughout the year. We
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find no evidence that households operating NFEs are better off in the face of
shocks or food insecurity, reinforcing the notion that NFEs do not

significantly contribute to risk mitigation or consumption smoothing.

The remainder of this report is structured as follows. Section 2 outlines the data
used in this study. Section 3 presents descriptive statistics on NFEs, their temporal

operation, and supply vs. demand driven seasonality. Section 4 presents results on

the risk-mitigating potential of NFEs. Finally, section 5 concludes.

2. Data

This paper uses data from the first wave of the Ethiopian Socioeconomic

Survey (ESS1), which is part of an ongoing collaborative project between

the Central Statistics Agency of Ethiopia (CSA) and the World Bank Living
Standards Measurement Study – Integrated Surveys of Agriculture (LSMS-

ISA) team.9 The survey contains detailed individual, household, and

community-level data, ranging from information on household and
agricultural activities to human capital, access to services, and food security.

The ESS1 was implemented in 290 rural and 43 small town enumeration

areas (EAs), which cover all regional states apart from Addis Ababa and are
nationally representative of all rural and small town areas in Ethiopia10.

Small towns are defined as those with a population estimate of less than

10,000 according to the 2007 population census.

The sampling followed a two-stage design, stratified at the regional level.11

The first stage of sampling selected primary sampling units from the sample
of CSA EAs, which had been selected based on probability proportional to

9 The ESS1 survey was conducted in three rounds. The first round containing the
post-planting agriculture questionnaire was conducted in September to October of
2011; the second round containing the livestock questionnaire was conducted in
November to December of 2011; and the third round containing post-harvest
agriculture, household, and community questionnaires was conducted from January
to March 2012.
10 Excluding three zones in the Afar region and six zones in the Somali region
11 For more detailed information on the sampling design and survey set-up the reader
is advised to consult the ESS1 survey documentation, available on the website of the
World Bank’s LSMS-Ethiopia.
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size of the total EAs in each region. The second stage selected 12 households
to be interviewed in each EA. In rural areas, ten of these households were

randomly selected from the sample of 30 Annual Agricultural Sample

Survey (AgSS) households, and were thus involved in farming or livestock
activities. In addition, two households were randomly selected from all other

households in the rural EA which were not involved in agriculture or

livestock. In small towns these households were randomly selected without
stratification based on household activities. Households were selected

without replacement and the interview response rate amounted to 99.3%,

yielding 3,969 household observations, all of which are weighted to
represent the national-level population of rural and small town households of

Ethiopia. The data is representative of five domains of analysis (DOA),

which include the regions of Amhara, Oromiya, SNNP, and Tigray. The

sample is insufficient to support region-specific estimates for the smaller
regions of Afar, Benishangul, Gumuz, Dire Dawa, Gambella, Harari and

Somalie, which are all combined to represent “Other”.

A final note concerns the definition of NFEs as used in the ESS household

survey question identifying ownership of NFEs. This definition closely

matches the definition set out in the introduction of this paper, and defines
NFE ownership as the operation of a nonfarm enterprise involved in the

provision of non-agricultural services such as carpentry, the processing and

sale of agricultural by-products such as flour, trade, professional services,
transportation services, and food services. This operationalization of the

definition of NFE ownership is similar to that of Rijkers and Sӧderbom
(2013), and consistent with the broader literature, allowing for comparability
of results. A household was considered to operate an NFE in the survey if it

reported to have operated one or more of these types of enterprises in the

twelve months prior to the survey, including those ventures that had been
shut down permanently or temporarily during that time.
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2. NFEs and seasonality

Descriptive statistics on NFE characteristics can be found in Appendix Table
S1. The ESS1 data indicate that 20% of households in rural and small town

Ethiopia own at least one NFE.12NFE participation rates are significantly

higher in small towns than in rural areas, with 54.8% of small town
households operating at least one NFE, compared to 19.9% of households in

rural areas.13 While there is no difference in real consumption per capita for

individuals from households that do and do not operate NFEs, we do observe

a slight increase in NFE participation for households in higher welfare
quintiles.14 However, these results may be partially driven by the fact that

NFEs are more prevalent in small towns, where the average household

consumes significantly more than its rural counterpart.

Table 1 provides an overview of household characteristics among NFE and

non-NFE households, for the overall sample as well as rural and small town
areas. Overall, the average household head from an NFE household is

significantly younger (45 vs. 41 years old) and has more education (2.4 vs.

1.7 years) than a head whose household does not operate an NFE. However,
we find that this pattern is reversed when restricting the analysis to small

towns; there, household heads from NFE-operating households have

approximately half the years of schooling reported by non-NFE household
heads (4.2 vs. 7.5 years).  NFE and non-NFE households are equally likely

12 This figure is slightly lower than the NFE participation rate of 25% estimated by
Loening et al. (2008) for the four largest regions of Oromiya, Tigray, SNNP and
Amhara.12 It also varies from Woldenhanna and Oskam (2001) who estimate that
28% of households. These discrepancies may be a result of the ESS1’ wider regional
coverage, the data’s lack of urban coverage, variation in NFE activity across
different years, or general time trends.
13 The primary income-generating activities in rural and small town areas are
agricultural activities and wage employment, respectively.
14 The annual consumption aggregate used is the publicly available aggregate
released by the LSMS team at the time of the analysis. Annual consumption
expenditures include annualized measures of food consumption over the past 7 days,
non-food expenditures, and educational expenditures, indexed for regional spatial
price. Welfare quintiles are derived from adult equivalent annual consumption
expenditures.
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to have female heads in rural areas, but NFE households in small towns are
more likely to have a female head than are non-NFE households (38 vs. 29

percent, respectively). Not surprisingly, households engaged in the NFE

sector own fewer sheep and cattle than households without an NFE.  Real
annual expenditure per adult equivalent is higher among NFE households, as

compared to non-NFE households, in rural areas, but is higher in non-NFE

households in small towns, though neither difference is statistically
significant.15

15 The overall annual mean difference is 289 Birr, which is approximately US $17 if
converted at the average market exchange rate for 2011, or US $53.5 if converted
using 2011 purchasing power parity factors. Rijker and Söderbom’s (2012) find
similar results in their study of Amhara in which households that run an NFE are not
found to have higher per adult annual expenditures than those households not
engaged in Nativity.
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Table 1: Socioeconomic characteristics of households by NFE ownership

Overall Small Town Rural
NFE
(1)

No NFE
(2)

Diff.
(1)-(2)

NFE
(3)

No NFE
(4)

Diff.
(3)-(4)

NFE
(5)

No NFE
(6)

Diff.
(5)-(6)

Household characteristics

Size of HH

Cattle per household

Sheep per household

Annual per adult equivalent
expenditures (mean)

Household head characteristics

Age

Female

Years of schooling

Literate (%)

Ever attended school (%)

5.291
(0.127)

2.509
(0.193)

1.164
(0.183)
1,108.3
(220.2)

40.703
(0.708)

0.188
(0.019)

2.347
(0.172)

0.500
(0.032)

0.467
(0.028)

5.070
(0.062)

3.609
(0.180)

1.576
(0.144)

819.6
(48.6)

45.394
(0.444)

0.205
(0.012)

1.672
(0.122)

0.402
(0.019)

0.338
(0.020)

0.221

-1.100***

-0.412*

288.7

-4.691***

0.017

0.675***

0.098**

0.129***

4.469
(0.151)

0.777
(0.329)

0.208
(0.060)
1,571.8
(135.6)

42.998
(1.047)

0.383
(0.033)

4.171
(0.274)

0.626
(0.037)

0.590
(0.031)

3.259
(0.195)

1.027
(0.517)

0.279
(0.096)
1,819.1
(232.0)

37.388
(1.560)

0.293
(0.037)

7.459
(0.663)

0.705
(0.052)

0.705
(0.053)

1.210***

-0.250

-0.071

-247.3

5.610***

0.090*

-3.288***

-0.079

-0.115*

5.315
(0.130)

2.560
(0.199)

1.192
(0.189)
1,097.2
(225.2)

40.632
(0.728)

0.182
(0.019)

2.344
(0.147)

0.497
(0.033)

0.463
(0.029)

5.081
(0.062)

3.625
(0.181)

1.584
(0.145)

816.8
(48.8)

45.441
(0.447)

0.204
(0.012)

1.899
(0.101)

0.400
(0.019)

0.335
(0.020)

0.234

-1.065***

-0.392**

280.4

-4.809***

0.022

0.445**

0.097**

0.128***

Number of obs. 3,969 503 3,466

Note: Standard errors in parentheses adjusted for EA clustering and stratification. Differences significant at *p<0.1, **p<0.05, and ***p<0.01.
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3.1 NFE seasonality

Overall, 53.4% of NFE-operating households reported that their NFEs
operate seasonally. Reported seasonality differs significantly by
subpopulation, with 33% of small town NFEs reporting to be seasonal
compared to 54% of rural NFEs. Rural NFEs may plausibly experience one
of two forms of seasonality. First, and perhaps most widely seen in the
literature, households may channel excess labor supply into NFE activities
during the agricultural off-season in order to generate alternative income
streams throughout the year (Ellis, 2000). Employing the complementary
seasonality of the two activities serves as an income diversification
technique that can help smooth consumption across the year (Haggblade et

al., 2010).   In this case we would expect to find NFE activity to be counter-
cyclical with agricultural seasons. Second, households may be best able to
generate income from NFEs during times when market demand for their
goods is high, which is likely during and after the agricultural harvest when
farmers are able to generate substantial income to expend (Reardon et al.,
1994).

We look further into the seasonality of NFEs and compare the timeline of
NFE activity with the agricultural seasons. The main harvest period in
Ethiopia, or the Meher season, typically occursfrom September to February.
If NFE activity begins or peaks during the lean season, and thus is counter-
cyclical with agriculture, we would have some primafacie evidence that
NFEs aid households in smoothing consumption throughout the year.
However, we observe the opposite temporal relationship between NFE and
agricultural activities, with the timing of NFE activities strongly
corresponding to the Meher season.

The ESS1 prompts respondents to report the month and year in which their
NFE began operation; we find the month of inception largely coincides with
the timing of the Meher season. As displayed in Figure 1, we observe that
approximately 80% of NFEs first began operating between the months of
September and January. NFE start-up rates gradually fall after November
and remain lowest between the months of February and Pagume, which is
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also the lean season. The variability in timing of NFE start-ups is slightly
less pronounced in small towns than in rural areas, a finding that we would
expect given that small town NFEs report less overall seasonality and are
less strongly tied to agriculture.

Figure 1: Month in which NFE began operation

Second, we look at the results of a survey question that asked households in
which months of the last year enterprise activity was highest. These findings
are consistent with those on the timing of NFE start-ups, as the highest
months of NFE activity largely correspond to the months with the highest
NFE start-up rates, with a minor lag. Nonfarm enterprises tend to be most
active during the months of November, December, and January, with 42.7%,
44.5%, and 32.2% of NFEs listing these as one of their three most important
months of activity, respectively (see Figure 2). Conversely, NFE activity
appears to be significantly lower from April to Pagume.
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Figure 2: Highest months of NFE operation 2

Despite minor differences in peak NFE activity between rural and small
town populations, we find that the overall trends are the same and, further,
that the timing of NFE activity strongly corresponds to the Meher harvest
season (see Figure 3). The peak months for NFE activity line up with the
harvest and crop sale seasons, peaking immediately after the harvest and
almost simultaneously with the sale of crops. Furthermore, very few
enterprises report high NFE activity during the months when planting season
takes place.
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Figure 3: NFE operation and agricultural seasons

These findings provide further evidence that NFE activity is pro-cyclical
with agriculture.  Rather than using NFEs to supplement periods of low
agricultural income, households generate a disproportionately high influx of
income from the months of October to January.  Furthermore, this trend is
observed across different NFE sectors. Even NFEs that do not rely on
agricultural products as NFE inputs, such as retail and utility service
enterprises, enjoy higher months of activity during and immediately after the
Meher harvest (see Figure 4).
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Figure 4: Harvest season and NFE operation, by type NFE sector

3.2 NFE seasonality and supply vs. demand

Expanding on the result that most NFEs are pro-cyclical with agriculture,
and therefore not necessarily helping to generate an even stream of income
throughout the year, we investigate the mechanisms through which NFE
operation is linked to agricultural income. Agricultural income may
encourage NFE activity through both supply-side and demand-side links.
For example, NFEs may rely on agricultural income as a source of start-up
funds or, alternatively, agricultural income might increase cash flow in the
community, thus increasing the market demand for NFE goods.

On the supply-side, we find that most households rely on agricultural income
to fund the creation of NFEs. Overall, agricultural income is reported as
either the primary or secondary source of start-up capital for 64% of NFEs
(see Table 2). The second most reported source of start-up capital is nonfarm
self-employment income, noted as a primary or secondary source of funds
by 18% of households. This result can be explained by the fact that some
households operate multiple NFEs and may thus use the income from one
NFE to start another. Our findings for agricultural start-up funds are
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consistent with those of Loening et al. (2008), who found that agricultural
income represented 60% of start-up capital for NFEs.99

Table 1: Source of start-up funds for NFEs
Overall

(1)
Small Town

(2)
Rural

(3)
Difference

(2)-(3)
Agricultural income 0.642 0.137 0.657 0.520***

(.030) (.020) (.031)
NFE self-employment

Family/friends

Money Lender

Microfinance
Institution

Wage employment

Remittances

Sale of assets

Bank loan

Other

0.175
(.024)
0.116
(.018)
0.076
(.017)
0.029
(.009)
0.016
(.004)
0.003
(.002)
0.009
(.004)
0.006
(.003)
0.055
(.011)

0.369
(.049)
0.312
(.040)
0.095
(.027)
0.045
(.013)
0.088
(.020)
0.005
(.003)
0.011
(.006)
0.014
(.009)
0.101
(.026)

0.169
(.025)
0.111
(.018)
0.076
(.018)
0.028
(.009)
0.014
(.004)
0.003
(.002)
0.009
(.004)
0.006
(.003)
0.054
(.011)

0.200***

0.201***

0.019

0.017

0.074***

0.002

0.002

0.008

0.047

N 1,315 345 970

Note: Standard errors corrected for EA clustering and stratification in parentheses.
Differences are significant at * p< 0.10, **p< 0.05, ***p< 0.01. Columns do not sum
to one as numbers account for the proportion of NFEs reporting each source as
either a primary or secondary source of start-up capital.

Rural NFEs, as compared to those in small town areas, tend to rely more
heavily on agricultural income for start-up capital, with 65.7% of rural
households citing agricultural income as a main source of funds for NFEs, as
opposed to only 13.7% of small town households. Households in small

99 However, they also find NFE self-employment to be of less importance and
funding from family and friends to be more significant.
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towns reported nonfarm self-employment income as the main source of start-
up funds for NFEs, with 36.9% of NFE-operating households citing it as a
main source, compared with only 16.9% in rural areas. The finding that
small town NFEs rely less on agricultural start-up funds and display less
seasonality suggests that the seasonality of NFE activity bears some relation
to the supply-side effects of agricultural seasonality.

However, further exploration suggests that agricultural income’s
contribution to starting an NFE only partially explains the cyclical
relationship between NFE and agriculture activity. Figure 5 demonstrates the
temporal nature of NFEs for both farming and non-farming households.
Although there is a statistically significant difference in the proportion of
households reporting September, October, and November as a high month
for NFE activity, there is no significant difference in the overall trend
throughout the year for farming and non-farming households. Despite the
fact that non-farm households don’t rely on agricultural income to fund the
operation of their NFEs, they still exhibit increased NFE activity from
November to February.

Figure 5: NFE activity for farming and non-farming households

Therefore, we investigate the extent to which demand-side factors may be
driving the seasonality of NFE activity by looking at the location and
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customer base for these NFEs, as well as self-reported demand-side
constraints to NFE growth. We find that NFEs tend to operate locally,
selling to local customers, and are thus constrained by the limits of local
market demand, which fluctuates with seasonally driven agricultural income.
Approximately 30.4% of NFEs operate from inside the household residence,
compared to only 7.9% that operate outside. The fact that over one-third of
NFEs operate from home suggests that the market they serve is mainly local.
These results do not differ significantly by rural and small town
subpopulations, implying that differences identified in the seasonality of
NFEs by subpopulation are driven to a large extent by differences in the
nature of local demand, rather than fundamental variations in the nature of
NFE operation. Furthermore, the customer base of for NFEs appears to
comprise mainly of the market, local consumers or passers-by, and traders,
further indicative of the local nature of the markets they serve.

The data also show that NFEs perceive low demand and a lack of access to
better markets as the primary operational barriers. While almost 40% of NFEs
identified access to markets as one of three main obstacles, another 21.0% and
16.9% viewed low demand and difficulty to obtain market information,
respectively, as key constraints; the top three constraints identified, out of
more than 30 categories, were all related to markets. This further affirms that
local market demand, which is mainly driven by seasonal agriculture, is often
insufficient to generate sizeable NFE income throughout the year.

4. NFEs and risk mitigation

The previous section casts doubt on NFEs’ ability to smooth households’
consumption, or at the very least to temper seasonal changes in income. This
section explores whether there is any evidence suggesting that, despite these
findings, NFEs still enable households to protect against shocks and avoid
seasonal food insecurity. Due to the strong interdependence between
agriculture and NFE activity, particularly in rural areas, we might conjecture
that aggregate shocks affecting agricultural production would also dampen
the success of NFEs. However, other studies suggest that NFEs may still be
a useful tool for insuring households against idiosyncratic shocks and, if
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employed as an income diversification tactic, may stave off food insecurity
and other threats to well-being.

Using ESS1 data, we find no significant evidence that NFE households are
better able to mitigate shocks, or that greater exposure to risk is associated
with a higher likelihood of owning an NFE. Owning an NFE is not associated
with the ability to better cope in the face of a shock. In the event of any
negative shock in the previous 12 months, NFE and non-NFE households
report statistically similar incidence of decreases in income (89 and 87
percent),assets (67 and 71 percent), and food purchases (58 and 54 percent).

We further assess the ability of NFEs to mitigate risk by looking specifically
at the relationship between NFE ownership and food insecurity. We ask the
following question based on the ESS1 survey: "Conditional on having been
faced with severe shocks in the past 12 months, were NFE-owning
households more or less likely to report experiencing food insecurity over
this same period?". To answer this question, we estimate the following
regression specification:

( ) is the probability that a household h has reported not having enough
food to feed their family in the past 12 months; indicates whether in the
past 12 months the household has experienced a shock which it classified as

one of the most severe of the year; indicates whether the household

operates a NFE; is a dummy variable equal to 1 if the household
resides in a rural area, and 0 if the household resides in a small town;

controls for the size of the household, and controls for
household landholdings, which are a proxy for asset wealth and agricultural
production potential. We focus on the impact of shocks on food insecurity
rather than household consumption because food insecurity is a widespread
and persistent phenomenon in Ethiopia. Even in a year with enough rainfall,
it is estimated that approximately 4-5 million Ethiopians depend on food aid
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(Devereux 2006). As such, in Ethiopia, food security is perhaps a far more
salient indicator of welfare than consumption.100

Table 3 reports the average marginal effects estimated using the above
specification, which paints an interesting picture. According to Model 1,
being exposed to a shock of any kind is associated with a 31 percentage
point increase in the likelihood of being food insecure, implying that mean
reported food insecurity increases to 63.3% in the presence of shocks. Model
2 breaks down the shock variable to capture only the most commonly
experienced and severe shocks, a categorization which is almost identical to
that in Dercon (2005). Model 2 suggests that the relationship between shocks
and food insecurity is mostly driven by the incidence of weather shocks,
price shocks, and crop damage. Idiosyncratic shocks are also significantly
and positively correlated with food insecurity.

These findings are consistent with previous studies demonstrating that
weather variation significantly affects food security (Rosenzweig et al. 1995;
Demeke and Zeller 2009). They are also consistent with Dercon's (2005)
study of the effect of shocks in the past five years on present consumption.
Similar to our results, his study shows that weather shocks and personal
idiosyncratic shocks have high and significant negative effects on household
consumption. Moreover, Models 1 and 2 highlight that weather may not be
solely responsible for food insecurity in Ethiopia. While the correlation
between the different shock types may be high (as suggested by a general

100Whilst our measure of food insecurity is self-reported and endogenous, and as
such certainly does not capture all facets of a complex concept, it does have
advantages. Unlike measures of food supply, it also encompasses a household's
access to food, bowing to Sen's distinction between supply and availability (Sen,
1981). We thus rely on respondents’ statements to tell us whether food was not
enough at any point in the last 12 months, with the advantage that information they
provide is measured against personal and cultural norms and may better indicate
respondents' sense of deprivation (Webb, 2006).We chose not to complement our
subjective measure of food insecurity with an objective measure because of the
nature of those objective indicators available in the data. The indicators of calorie
consumption and food purchases in our data refer to the seven days prior to the
survey (and thus do not account for seasonal variation). Additionally, information on
the average number of meals per day is not directly linked to the nutritional value of
those meals.
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shock variable which is lower than the sum of the individual coefficients),
the findings call for an investigation into what is causing food insecurity in
Ethiopia other than weather shocks.

In light of the framework outlined above, we find no significant indication
that NFE ownership is associated with a lower likelihood of reporting being
food insecure conditional on receiving a shock. We obtain this finding as we
interact the variable for having received a shock (aggregated and
disaggregated in models 1 and 2 respectively) with the dummy variable for
NFE ownership. This allows us to estimate the difference between the
conditional relationship linking shocks and food insecurity for those
households that do and do not own a NFE. Whilst all the coefficients on
these interactions have the expected negative sign, which would be predicted
if NFEs enabled households to insure themselves against shocks, the
coefficients are extremely small in magnitude and not statistically significant
at conventional levels. It would appear that our data offers no support to the
hypothesized role of NFE ownership as an insurance mechanism, as we fail
to reject the null hypothesis that NFE ownership offers no protection against
food insecurity when facing a shock.  Moreover, the insignificant coefficient
on NFE ownership can be interpreted to provide additional evidence that
NFEs do not help smooth consumption, as NFE households do not appear to
be significantly less likely to be food insecure even in the absence of shocks.
This is most likely related, at least to some extent, to the failure of
households to smooth consumption across the year.

We find that the insignificant association between NFE ownership and
resilience to shocks is not specifically driven by NFEs that display stronger
links with agriculture, such as those involved in the sale of agricultural by-
products. This is found when we investigate whether specific types of NFEs
are more likely to be associated with households reporting lower food
insecurity. We thus explore the interactions between different NFE types and
the general shock variable to both isolate and look beyond the resiliency of
households operating NFEs that are more strongly tied to agriculture.101 The
results are presented in Model 3, and show an insignificant relationship

101 For a description of the construction of the NFE type variable, please see
Appendix Figure S1.
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between different NFE types and food insecurity in the face of shocks. Not
only does it appear that NFEs are unimportant in helping households cope
with shocks, but these results do not seem to be driven by agricultural NFEs
that may be particularly sensitive to weather shocks.102 Across the different
types, NFEs seem uncorrelated with food insecurity in the face of shocks.103

102An implicit assumption we are making in interpreting the results is that NFE
ownership affects food insecurity, and not vice-versa. There are, however,
theoretical reasons to believe that food insecurity affects NFE ownership. Fafchamps
(1999) and Sen (1981), for instance, suggest that concerns about insufficient food
supplies could reduce farmers' willingness to invest in crops and more productive
nonfarm activities, while reducing the local demand for nonfarm products. As such,
we might expect food insecurity to have a negative effect on NFE ownership,
introducing a downward bias in our coefficients. On the other hand, risky
environments such as those prone to frequent food insecurity may encourage
diversification through nonfarm enterprises as a response to shocks, making our
coefficients upward biased. Disentangling these potential sources of bias would
require developing an identification strategy that would produce less biased
estimates, as for example, using instrumental variable estimation.
103 This finding is robust to different model specifications, such as interacting
different types of NFEs with weather shocks specifically. We chose not to report all
robustness checks to preserve the clarity of our output in the table.
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Table 3: NFE ownership and reported food insecurity
Model 1 Model 2 Model 3

Shock 0.306***

(0.035)
Weather shock 0.251***

(0.043)
Price shock 0.171***

(0.045)
Idiosyncratic personal shock 0.101***

(0.032)
Crop damage 0.174*

(0.090)
Livestock loss 0.024

(0.056)
Other type of shock 0.136**

(0.055)
NFE owner -0.094 -0.069
Agribusiness owner (0.096) (0.087) -0.057

(0.083)
Non-agricultural business owner -0.135
Shock * NFE owner -0.035

(0.066)
(0.084)

Shock * Agribusiness owner -0.011
(0.132)

Shock * Non-agricultural business owner
Weather shock * NFE owner

-0.023
-0.030

(0.124)
(0.077)

Idiosyncratic shock * NFE owner -0.004
(0.056 )

Crop damage * NFE owner -0.016
(0.157 )

Livestock loss * NFE owner -0.002
(0.105)

Price shock * NFE owner -0.016
(0.079)

Other type of shock * NFE owner -0.013
(0.096)

Rural 0.021 0.021 0.156**

(0.084) (0.075) (0.061)
Rural * NFE owner -0.002 -0.002

(0.145) (0.129)
Household size 0.009 0.008 0.037***

(0.006) (0.006) (0.010)
Size of land owned by household -0.009* -0.008* -0.010*

( 0.004) (0.004) (0.005)
Observations 3,079 3,079 767
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Note: All regressions report average marginal effects and are significant at * p<
0.10, **p< 0.05, ***p< 0.01. Coefficients in models (1) and (2) are estimated using
the full sample involved in agricultural activities. Coefficients in model (3) are
estimated using the sample of NFE owners. The mean probability of reported food
insecurity in the full sample is 32.7%. The mean of food insecurity among NFE
owners is 37.3%.Standard errors adjusted for EA clustering and stratification in
parentheses.

While we find that NFE-operating households are not less likely to report at
least one incident of food insecurity, we look deeper to determine if NFEs
might at least temper the timing or severity of food insecurity. For this, we
utilize a survey question in which households are asked to identify specific
months from the previous year during which they experienced food
insecurity. Unsurprisingly, the most food-secure period takes place from
November to March; this period coincides with both the Meher harvest as
well as increased NFE activity (see Appendix Figure S2).  However, during
periods of increased food insecurity, April to October, NFE households do
not report lower rates of food insecurity than their non-NFE counterparts.

We use a negative binomial regression model to estimate the effect of NFE
income on food insecurity spells, as measured by the number of months a
household was food insecure in the past year.  The negative binomial
distribution is an unbiased count estimator and is particularly useful for
count data with an unbounded positive range when the sample variance is
greater than the mean.  We look at two separate specifications. In model 1,
we regress months of food insecurity on consumption quintiles and income
coming from four primary sources: farm, NFE, wage, and other. We might
reasonably expect two households, at the same level of consumption, to
exhibit different patterns of consumption throughout the year.  Therefore, if
we hypothesized that NFEs were helping households to buffer against food
insecurity, we would expect each additional 1,000 Birr of NFE income to
have a negative impact on months of food insecurity in our model. However,
holding all other factors included in the model constant, we find that an
additional 1,000 Birr of NFE income has no statistically significant bearing
on months of food insecurity (see Table 4). In Model 2, we regress months
of food insecurity on consumption quintiles, number of income sources, and
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whether one of these income sources is an NFE. Once again, we find no
correlation between operating an NFE and facing fewer spells of food
insecurity.

These results fail to support the notion that income diversification as a risk
reduction strategy mitigates the incidence of food insecurity. Holding all
other factors in the model constant, a household with three income sources,
for example, does not face fewer months of food insecurity than a household
with two income sources. Traditionally, expanding the income portfolio can
help mitigate the risks associated with agricultural productivity and cultivate
a more consistent, reliable stream of income (Davis & Bezemer 2001). In
fact, the key motivation for diversifying one’s income portfolio as a risk
prevention strategy is to ensure that the elements of the portfolio have very
few, if any, overlapping risks (Ellis 2000). Given our earlier finding of the
pro-cyclicality of NFE and agricultural activities, it is clear that these two
income sources are in fact strongly linked.
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Table 4:  Months of food insecurity and income sources
NFE income (1,000 Birr) -0.017

(.017)
Farm income (1,000 Birr) -0.020***

(.007)
Wage income (1,000 Birr) -0.001

(.010)
Other income (1,000 Birr) -0.123**

(.054) 0.127
NFE operation (.104)

-0.025
Number of income sources (.056)

0.127
Consumption quintiles

2nd -0.192 -0.271
(.159) (.172)

3rd -0.311** -0.396**
(.151) (.165)

4th -0.420*** -0.508***
(.156) (.174)

5th (richest) -0.480*** -0.569***
(.155) (.172)

Observations 3,494 3,657

Note: Standard errors adjusted for clustering and stratification in parentheses. The
regression reports average marginal effects, which are significant at * p < 0.10, ** p
< 0.05, *** p < 0.01. The number of observations included in each model reflect the
number of observations which are not missing any information on the covariates
included; thus coefficients for models 1 and 2 are estimated using 3,494 and 3,657
households, respectively. The mean number of months facing food insecurity in this
subsample is 0.87 months.

5. Conclusion

Overall, our findings show that NFE activity is seasonal and pro-cyclical
with agriculture. NFEs both begin and exhibit they’re highest operational
activity during the main harvest period. Further exploratory analysis
suggests this pro-cyclical seasonality is the result of two key factors; first,
enterprise owners receive an influx of investment capital for their NFEs
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through harvest sales and, second, they react to an increase in local demand
generated by agricultural income and seasonal purchasing power in the
community. Furthermore, this interdependency between NFE operation and
agricultural activity appears to matter across NFE sector, rural and small
town households, and farm and nonfarm households, implying the pro-
cyclical relationship is primarily demand-driven.

Our analysis also reveals that NFEs are unlikely to present households with
effective consumption smoothing and risk mitigating opportunities. NFE
income is not associated with a decreased likelihood of experiencing food
insecurity nor with a shorter duration of food insecurity over the past 12
months, regardless of exposure to negative shocks over the same period.
When interpreted in light of our findings on the strong links between NFEs
and agricultural production, as well as the local nature of NFE markets, the
result that NFEs do not significantly reduce household vulnerability to
shocks is somewhat unsurprising. Dependency on seasonal local markets,
which are highly susceptible to weather shocks, renders NFE households
likewise exposed to risk. This further reduces the insurance potential of
operating an NFE.

While the capacity of NFEs to generate income and provide a source of
livelihood for rural and small town households is undisputed, our findings
cast doubt on the temporal and consumption smoothing benefits of NFEs
often presented in the literal. At least in the context of rural and small town
Ethiopia, our results suggest that, in their current state, NFEs do not offer the
buffer from food insecurity one might expect. Policies addressing food
insecurity and other forms of vulnerability would be wise to not exclusively
target the growth of non-farm enterprises as a means of protecting
households from seasonal vulnerability.
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Appendix
Table S: Characteristics of NFEs 2

Overall
(1)

Small Town
(2)

Rural
(3)

Difference
(2)-(3)

Age (Mean) 5.652
(.419)

8.302
(.668)

5.573
(.430)

3.271***

Age (Median) 2.153 4.153 2.153

Number of HH workers 1.250
(.028)

1.463
(.065)

1.244
(.028)

0.219***

Number of hired workers 0.274
(.059)

0.353
(.069)

0.272
(.0617)

0.081

conditional on any
hired workers

2.611
(.354)

2.107
(.333)

2.635
(.370)

-0.528

Total number of workers 1.537
(.060)

1.857
(.110)

1.528
(.062)

0.329**

Proportion of NFEs with a
formal license

0.089
(.015)

0.298
(.046)

0.083
(.015)

0.215***

Gross entry rate 0.323
(.028)

0.175
(.025)

0.328
(.029)

-0.153***

Annual income per NFE
(Mean)

2,552.2
(1,133.1)

1,524.6
(1,769.2)

2,582.3
(1,164.9)

-1,057.7

Annual income per NFE
(Median)

700 1600 650

N 1,337 352 985

Standard errors corrected for clustering and stratification in parentheses. Standard
errors are not reported for medians as we were unable to bootstrap in order to obtain
them. This is due to the fact that there is little literature at the intersection of
variance estimation in the presence of complex sample design and bootstrapping.
We have attempted to use replicate weights, but median estimation using them was
not possible.
*p< 0.10, **p< 0.05, ***p< 0.01
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Figure S1: Broader categories of NFE types

Processing and sale of
agricultural by-products

(2) Processing/sale of agricultural by-products
(e.g. flour, excluding livestock by-products
and fish)

Non-agricultural
business

(1) Non-agricultural services from home/
house-hold-owned shop (e.g. mechanic,
tailor, barber)

(4) Sale of products/services offered on a
street/in a market (e.g. firewood, mats,
bricks)

(5) Professional office, professional services
from home (e.g. doctor, translator, midwife)

(6) Transportation or moving services (e.g.
driving a household-owned taxi or pick-up
truck)

(7) Bar/restaurant ownership

Other (3) Trading business on a street/market

(8) Other non-agricultural business from
home/on a street
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Figure S2: Seasonality of Food Insecurity
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