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Abstract

Smallholder farms are often the focus of strategies to reduce poverty, inequality and hunger.
They are also a very diverse group, leading to calls for more context-specific strategies to support
smallholder farms. Until recently, a lack of both household and macro-level data prevented
policymaking tailored to the context of smallholder farms, i.e. what types of farms at what
locations may benefit most from, for example, better irrigation infrastructures, intensification or
improved access to markets? Increased effort to collect more information at different scales and
scopes enables us to systematically establish the context in which smallholder farms operate.
The objective of this study is to combine household survey, agricultural census and land cover
data to analyse food security and poverty at the micro (farm) and macro (regional and country)
levels. To do so, the study developed a novel methodology that combines different data sources
to establish country-wide farm typologies that enable an analysis of poverty and food security
that is both farm-system specific and spatially explicit. To test our methodology, we analysed the
poverty and food security situation of Ethiopian smallholder farms. Our results show that the
combination of activities and agroecological zone largely determined the food security situation
of the farm. In terms of poverty, all farms were below the poverty line; in particular, pure
livestock farms operating in poor biophysical conditions exhibited low market interactions and
high incidence of poverty. The farming-system- and location-specific poverty and food security
indicators developed in this study provide guidance for better targeting of policy strategies.



1 Introduction

More than 80 per cent of the 570 million farms in the world operate land areas smaller than
2 hectares. These farms are often the focus of strategies to reduce poverty, inequality and
hunger (Lowder, Skoet and Raney, 2016). A wide array of goals and targets has emerged for
environmental sustainability, food security and agricultural productivity, most notably those
listed in the Sustainable Development Goals (SDGs) (Sachs, 2012). However, smallholder
farms are also a very diverse group, which calls for context-specific strategies to support
them (Graeub et al., 2015; Rapsomanikis, 2015). It is therefore of critical importance to
define spatially targeted and context-specific interventions. Spatially targeted interventions
can increase lagging areas’ connection to the market, mobilize untapped resources for
development, and take the regional importance of sectors into account without leading to
inefficient and costly investments (Herrero et al., 2014).

Research to date has categorized small and family farms, focusing on sustainable development
paths for the agricultural sector and the role of smallholder farms (Graeub et al., 2015; Wiggins
et al., 2010; Lowder, Skoet and Raney, 2016). These studies all used agricultural census data
to categorize smallholder farms and analyse their complexities and differences. Using census
data enabled them to provide a country- or even world-wide picture; however, they were
unable to account for potential heterogeneity inside administrative units. The scope of these
analyses therefore remained limited. In an attempt to obtain more detailed information on
such heterogeneity (e.g. farm management, food consumption and sales), there has been
an increased effort to collect more information at the farm household level (World Bank,
2016). Subsequently, these data were used to analyse the determinants of food security and
food availability (Frelat et al., 2016). However, household surveys are generally carried out at
limited scales and therefore provide limited representativeness.! Remote sensing data are able
to capture spatial and temporal context at different levels of analysis and have therefore been
used to analyse economic growth and poverty-environment relationships (Keola, Andersson
and Hall, 2015; Mertens et al., 2000; Watmough et al., 2016). However, unless combined
with statistics, identifying the causes of these relationships is more difficult.

In this paper, we develop a novel methodology that combines different data sources to
establish country-wide farm typologies that enable analysis of poverty and food security that
is both farm-system specific and spatially explicit. The methodology reconciles different data
types to better capture spatial heterogeneity among smallholder farms at both the micro
and macro levels. We used household survey data to compute average land use practices,
productivity, consumption patterns and market indicators at the farm level for each farming
system and extrapolated this information to the areas which are not covered by the household
survey using a combination of multinomial regression model and a harmonization
procedure with agricultural statistics and land cover map. This resulted in a comprehensive

1. In case of large-scale household survey data, representativeness may not always be a problem.
However, most farm household survey data are unfit to be aggregated to subnational or national levels,
which is necessary for an ex ante policy impact evaluation.



mapping and characterization of smallholders across the whole territory which can be used
for policy design, linked to (for example) governmental aims or the SDGs. This methodology
was tested and applied to the Ethiopian context to develop a farming systems typology and
analyse smallholders’ food security and income.

Ethiopia is used as a case study to analyse smallholders’ food security and income. Ethiopia
is one of the fastest growing economies in the world, with an average annual growth in
gross domestic product (GDP) of 10 per cent (Paul et al., 2016). The largest share of the
GDP of the country (46.9 per cent) comes from agriculture (Diao, Hazell and Thurlow,
2010). Smallholder farms represent the majority of the rural population in Ethiopia and,
despite an average farm area of only 1 hectare and low productivity, they are responsible
for about 90 per cent of the total agricultural output (Dorosh and Rashid, 2012; Hanjra,
Ferede and Gutta, 2009). A rapidly increasing population (expected to double by 2050), slow
productivity growth and climate-related disasters such as droughts increase food insecurity.
Consequently, competition for available land, water, energy and other inputs is increasing,
putting pressure on rural livelihoods, income and food security (Bryan et al., 2009; Garnett
etal, 2013).

The remainder of the paper is organized as follows. In the next section, the development
of the novel methodology is described, including how the various data were combined to
analyse the scale and scope of the poverty and food security situation of smallholder farms
in Ethiopia. The analysis was done on the third administrative level, the woredas. Section 3
analyses the current state of poverty and food security. Our conclusions, discussion and
policy recommendations follow.



2 Methods and data

To evaluate each farming system in each spatial unit in terms of the favourability of biophysical
constraints, activities and management, smallholder farms were categorized according to
their agroecological zone (AEZ), dominant activities and management.

The AEZ captures the integration of smallholder farms into the broader agro-economic
context in which they operate, which defines their constraints and opportunities and drives
their livelihood and production choices. Smallholders often operate mixed crop-livestock
farming. The biophysical conditions such as climate, topography and soil type, as well as
historical preferences for certain products, defines their portfolio of activities. Access to
markets and the orientation of the farm defines the management system.

A combination of household survey, agricultural census and land cover data was used to
classify different types of smallholder farming systems and their socio-economic characteristics
throughout the country. We describe the different steps and datasets used to obtain a country-wide
representation of smallholders in Ethiopia and their food security and poverty status.

2.1 The household survey and the farming systems typology

We used the Ethiopian Rural Socioeconomic Survey (ERSS) dataset from the Living Standards
Measurement Study - Integrated Surveys on Agriculture (LSMS-ISA) project led by the World
Bank and funded by the Bill & Melinda Gates Foundation (World Bank, 2016) to define
smallholders’ main farming systems and their characteristics. The first wave of the survey
consisted of three rounds of questionnaires administered between September 2011 and
March 2012. The ERSS dataset covers information on crop and livestock technology (e.g.
variable and fixed inputs used, yields obtained), market access (e.g. degree of inputs bought
and outputs sold to the market) and socio-economic household information (e.g. farm size).
In total, 3,969 households are included in the ERSS, of which 3,216 had enough household,
crop and livestock information to be used for this analysis.

Using expert knowledge, statistical clustering and literature review (Dixon, Gulliver and
Gibbon, 2001), we grouped smallholder farms from the household survey into five
types: smallholders who focus solely on keeping livestock (“pure livestock”) and mixed
crop-livestock farms, dominated by four types of main crop combinations: millet-sorghum,
maize, wheat-barley-teff and perennial crops. Mixed crop-livestock farms were allocated to
a certain group based on the most important crop cultivated in terms of area. If this was not
millet, sorghum, maize, wheat, barley, teff or a perennial, the second or third most important
crop was considered. The remaining farms that could not be classified (e.g. those focusing
mostly on horticultural crops) were dropped from the analysis (179 farms).?

2. These were 5.5 per cent of the sample and, especially with increasing urbanization and population
density in areas with good market access, horticultural farms might be on the increase in Ethiopia.
However, because horticultural farms are typically not land-based and the focus of this paper is on the
spatial allocation of smallholder farms, especially in rural areas, these types of farms largely fall outside
the scope of the paper.



Figure 1 Number of farms by woreda (third administrative level) that are included in the
ERSS survey

Number of farms by woreda
1-5
P6-14
5o
B 234
B 5103

For the farms classified, we computed number, production, use, revenues and costs for
animal activities and average land use per activity, input use, input costs, productivity, and
the share of the production which is used for home consumption, sale or other use for crop
production, as well as the income obtained from off-farm activities. However, the household
survey data do not encompass the whole country,® nor are they representative at the woreda
level (figure 1).

2.2 Prediction of the distribution of farming systems by woreda using a
multinomial regression model

To overcome the problem of limited spatial coverage of the household survey, we predicted the
distribution of the five classified farming systems by type in all woredas using a multinomial
regression model.

We used three main criteria to define farmers’ decisions on what to produce and the intensity
and use of their production: the agroecological growing areas, the orientation of the farm and
the decisions of neighbouring woredas. The AEZ limits the scope of potential farm activities.
The orientation of the farm represents socio-economic characteristics at the woreda level that
determine the choice of the most important activity in the main season as well as the wider
portfolio of on-farm activities (Demissie and Legesse, 2013). And smallholders” production
decisions are likely to be spatially dependent; collective decisions to sell products may lead
to new markets, which in turn influence production decisions of nearby farms. Spatial
dependence was incorporated in the model by using the spatially lagged characteristics of

3. Addis Ababa, three zones (second administrative level) in the Afar region, six zones in the Somali region
and many woredas (third administrative level) were not surveyed. Moreover, in most of the surveyed
woredas, only between 6 and 14 farms were found to have reliable information.
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neighbouring woredas as explanatory variables. This is in effect a spatial lag on the explanatory
variables.* To establish which woredas are neighbours to each other, we used a k-nearest
neighbour spatial structure, based on the shortest possible distance of the woreda centroids,
with k = 10.°> The woreda-specific explanatory variables are reported in table 1. They are
obtained from Tadese et al. (2006), except for the AEZ, which has been obtained from the
Ministry of Agriculture, and size of the woreda, which was obtained from the GAUL dataset
(IES-JRC, 2000). Descriptive statistics of the covariates can be found in the annex (table A1).

Table 1 Variables used for extrapolation

Variable Description

Dependent variable

Pure livestock, millet-sorghum, maize, wheat-barley-teff,

Activity set )
perennial farms

Ability to grow certain crops and/or raise livestock

Average elevation Average woreda elevation in metres above mean sea level
Average slope Mean slope as percentage
Average rainfall Mean monthly rainfall in millimetres

Dominant crop in the woreda: dummy for barley, maize, millet,

Dominant cro|
I op pastoral, sorghum, teff or wheat

Secondary crop in the woreda: dummy for barley, maize, millet,

Secondary cro|
fy crop pastoral, sorghum, teff or wheat

Dummy for drought-prone area and arid pastoral area (moisture reliable

AEZ
treated as base category)

Area Size of the woreda in square kilometres

Socio-economic context of the farm

Population density Population density in persons per square kilometre

Road density All weather road density (m/kmz2)

Cooperative and type in the Split into coffee marketing, multi-purpose, no cooperative, saving and
woreda credit, and vegetable marketing

Number of cooperatives Number of cooperatives in woreda

Total members involved Total members active in a cooperative in a woreda

Spatially lagged variables For population, elevation, slope, rainfall, road density and area

4. Note that, while it would technically be possible to also estimate a model with spatial lags in the error
terms or the dependent variables, these models could not be used for extrapolation of the data. This is
due to the fact that these spatial autoregressive specifications assume a closed spatial system in the lag
and thus cannot be used to extrapolate over missing data (for details, see LeSage and Pace, 2009).

5. Note that we experimented with using alternative neighbourhood specifications, such as contiguity or
alternative specifications of k. We selected k = 10, based on the highest Bayesian Information Criteria
value. The comparison results are available upon request.



In each woreda, farmers face a discrete choice problem in selecting one of the five dominant
activity sets, based on their own, as well as the neighbouring woredas” attributes listed in table
1. The multinomial logit model is the classic choice from a microeconometric point of view
to model such a problem (see e.g. Cameron and Trivedi, 2005). To run the regression, we
assumed that information in the woredas is missing-at-random and not structurally missing.
Based on this assumption, we used multiple imputations to predict farmers’ choices in all
woredas based on the 143 woredas for which smallholder decisions are available from the
household survey.

More formally, let us denote the observed choice of farm portfolio j - out of ] non-intersecting
choice combinations of activity portfolios — in woreda i (i = 1,..., N), as ¥;- Recall that the
possible choices of activity portfolios consist of: pure livestock, millet-sorghum, maize,
wheat-barley-teff and perennial farms. Our goal is to extrapolate from the N observed
woredas to M missing woredas, where the total number of woredas in Ethiopia is denoted by
N*and N* =M + N.

We observe a multinomial sample y,= {y,}’,, that records the number of farmers choosing
activity portfolioj = 1, ..., J° and the total number of responses n, in woreda i. According to the
logistic link, the probability p,; of randomly drawing a single response from the jth category
in woreda i is given as:

ke 1)
ST

where the log odds y; is modelled in terms of P explanatory variables and their spatially
lagged counterparts:

_ N
URCARTAPHELR (2)

J

where « is the intercept, x, is a 1xP vector of woreda-specific explanatory variables, with an
associated Px1 parameter vector f,, and w:fq is a typical element of the N'x N* exogenously
given spatial weight matrix W. If woreda i and woreda q are neighbours, w, > 0, otherwise
w, = 0. Moreover, the spatial weight matrix is defined in a fashion that no woreda is a neighbour
to itself, therefore, w; = 0 ¥ i=q. W is assumed to be row-standardized, thatis ¥_ w, =1V
i=1,..., N. Note that W and the associated 1xP vector of explanatory variables x extends
across all woredas, even the M missing ones. This is due to the fact that even though we do
not observe smallholder farmers’ choices in the woredas, we have a full set of explanatory
variables x;". , is the Px1 parameter vector of spatially lagged coefficients. Note that, for the
purposes of identification, we set @, ,and 17, equal to zero (see e.g. Holmes and Held, 2006).

6. Where the 1, ..., J activities consist of pure livestock, millet-sorghum, maize, wheat-barley-teff and
perennial farms introduced in earlier section 2.1.

11
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We favour a Bayesian approach for the purpose of data imputation, since it not only allows
us to naturally obtain uncertainty bounds over the extrapolated data (Frithwirt-Schnatter
and Frithwirt, 2012; Holmes and Held, 2006), but also allows us to easily include variable
selection in our model. We use an efficient Gibbs sampling algorithm to estimate the
multinomial logit model in equation (1), in the spirit of Polson, Scott and Windle (2013).
The main difference from their approach is that we use a Bayesian variable selection prior, as
pioneered by George and McCulloch (1993) and Kuo and Mallick (1998).

Since we use a Bayesian estimation procedure, we have to set up a set of priors for the
regression coefficients. For easier notation, let us denote z,= [y, x, ¥ _ w, x |, with (¢ =1,..., N)
and 6, = [q [3].' nj']'.

To implement Bayesian variable selection, we use spike-and-slab priors for on
6, (p=1,..,P):

p(6,15,)=5, N, 72+ (1-6 )IN(O, 72 (3)

where 6 is a binary random variable and the prior variances are chosen so that 73> 7.7
We set the priors for t2 and T2 using the automated procedure described by George and
McCulloch (1993). We used 20,000 cycles for our Gibbs sampling algorithm, where the
first 2,000 draws were discarded as burn-in. Posterior means and standard deviations, the
residual deviance, as well as the model’s Bayesian information criterion (BIC) are reported
in the annex (table A2). Based on the obtained posterior density p(6, | '), we can extrapolate
to the M missing woredas. The resulting uncertainties associated with the extrapolation are
summarized per woreda in the annex (figure A1).

To ensure that our spatial multinomial logit model is robust, we explored multiple alternative
models. As a first step, we considered using different spatial weight matrix specifications.
For this, we considered spatial weight matrices based on first-order contiguity and based
on three to 15 k-nearest neighbours. We compared the resulting model estimates based on
the BIC, and chose k = 10 with a BIC of 4,274.84. Moreover, we compared the model to a
non-spatial specification (where = 0,j=1,..., P). We evaluated the performance of these two
models based on the deviances of the value of the BIC. Furthermore, to assess the predictive
performance of the model, we used 20 randomly selected woredas as a holdout sample and
thus evaluated the predictive performance of the spatial and non-spatial specifications, as
measured on their root mean squared errors (RMSE) and their log-predictive scores. All of
these criteria favoured the spatial model. The results of the tests are summarized in table 2.

7. This so-called spike and slab prior is a useful tool for drawing posterior inference on the relative
importance of a variable to the specific choice class. In the case of 5pj= 0, Gw. is given a relatively flat
and agnostic prior (the so-called slab), whereas in the case of §, = 1, the Gaussian prior on 6, has a
large part of its centre mass on zero and therefore the parameter is aggressively shrunk towards zero.
Otherwise, we use an auxiliary mixture sampling procedure, with an associated Pdlya-Gamma prior,
as suggested by Polson, Scott and Windle (2013). The conditional posteriors take on standard closed
form, therefore we refrain from reporting them.



Table 2 Specification tests for the spatial and non-spatial multinomial logit models

Non-spatial 4.70 5.92 4.84 6.13 1.69
RMSE )
Spatial 4.59 5.90 4.86 6.19 1.65
o Non-spatial -4.06 -2.60 -0.62 -7.46 -4.00
Log-predictive score )
Spatial -4.58 -5.50 -1.78 -9.82 -4.31
Non-spatial 3561.97
BIC
Spatial 3 596.04
) Non-spatial 9821.70
Deviance
Spatial 10072.32

BIC, Bayesian information criterion; RMSE, root mean squared error.

2.3 Adjustment of farming systems’ parameters to match agricultural
statistics per woreda

The sum of the total area by crop and animal numbers by type for each activity set resulting
from the household survey resulting from the calculations in the previous section does not
equal the sum of the total area by crop and animal numbers by type from the agricultural
census data. To ensure representativeness at the woreda level, we minimize the variance (e.g.
the sum of the squared deviations between the area of teff over all farming systems in a
woreda and the area of teff from the agricultural census data in the same woreda). At the end
of this procedure, we obtained the distribution of farms in each farming system for each
woreda — e.g. in a woreda not covered by the survey, 30 per cent of the farms are allocated
to the farming system “wheat-barley-teff”, 10 per cent to “pure livestock” and 50 per cent
to “maize”. The results are described in section 3. We refer to this as the “harmonization
process”. The crops used in the harmonization process are all important staple crops (teff,
wheat, barley, maize, sorghum, millet, rice, potato, sweet potato), the most important
pulses (beans, chickpea), some oilseeds (sesame, groundnut, rapeseed, sunflower, soybean)
and perennials (coffee). Cows, sheep, goats and poultry represent the animals used in the
harmonization process. The harmonization procedure results in data in terms of crop area,
livestock numbers, inputs and yields by activity set and woreda that, when aggregated over the
activity sets, is fully consistent with woreda-level data for the base year.

The Ethiopian Agricultural Sample Enumeration (EASE) census data of 2011-2012 was used
as the agricultural census data for harmonization (CSA, 2011). The EASE census data provides
data in six domains: land use, area, production, livestock, farm practice and socio-economic
situation at the woreda level. Like the ERSS, the EASE does not cover three zones in the Afar
region and six zones in the Somali region. For these regions, we used the GLCshare land
cover map for the cropland area and FAO-ILRI livestock numbers (IES-JRC, 2000); with
8.6 million hectares of cropland, the total area of cropland from the land cover data is close
to the 8.9 million hectares reported in the EASE statistics.

13
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In order to analyse the food security and poverty status across smallholders, we need to
have information on consumption and production patterns by farm. We estimated the total
number of farms for each woreda using the rural population census data by woreda and the
average farm household size from the ERSS. Once we know the number of farms in each
farming system in each woreda, we can obtain the total cultivated area for each crop, the total
production for each crop and the total livestock numbers for each woreda using the average
production parameters per farm computed per farming system at the AEZ level based on the
ERSS data.

2.4 Poverty and food security

Three indicators were established to analyse the poverty and food security status of smallholder
farms: income, food security and food diversity. Income was computed as the net revenues
from all crop and livestock products plus the revenues derived from off-farm work in United
States dollars per person per day. The net revenues from all crop and livestock products were
computed as the on-farm production multiplied by price minus variable costs. The income
per farm® is then compared with the poverty line of US$1.25 per capita per year (2008 global
line set by the World Bank), using the average 2011 exchange rate of 17.5 Ethiopian birr per
United States dollar.

Food security was measured by the combination of on-farm food availability and the cost
of food that needs to be bought to achieve the average regional diet. Food availability was
calculated by the total on-farm livestock and crop production in calories per capita per day.
It was compared with the minimum daily intake for Eastern Africa, which is 2,245 kcal
(van Wesenbeeck, Keyzer and Nubé, 2009). Similarly to the income-based food security
indicator developed by Antle, Adhikari and Price (2015), we calculated the kilocalories of
each food type that need to be bought to fulfill the average regional diet and convert them
to United States dollars. To respect local dietary preferences and availability of different
food types, we used the Ethiopian national food consumption survey to calculate the share
by food type consumed by the first administative zone in Ethiopia (EPHI, 2013). The cost
of achieving the average regional food diet was compared with the net revenues achieved
through sales to market and off-farm income.

8. We estimated the total number of farms by woreda using the rural population census data by woreda
and the average farm household size from the ERSS. Once we know the number of farms in each
farming system in each woreda, we can obtain the total cultivated area by crop, the total production
per crop and the total livestock numbers by woreda using the average production parameters per farm
computed per farming system at the AEZ level based on the ERSS data.



3 Results

In this section, we discuss the distribution of different types of smallholder farm systems,
their characteristics in terms of farm size and farm management, and the poverty and food
security status at the farm system and national levels.

3.1 Distribution of farming systems

The dominant combination of activity set and AEZ by woreda and the distribution of farming
systems for the subset in the rectangle is shown in figure 2. Farmers’ production activities
are strongly dependent on the biophysical conditions in which they operate, leading to the
exclusion of the wheat-barley-teff and perennials activity sets from the arid-pastoral zone.
The pure livestock and millet-sorghum activity sets dominate in almost all of the arid AEZ
along the border with Somalia, which is less suited for crop production. The millet-sorghum
activity set is also widely spread in the north of Ethiopia. The area allocated to maize spreads
out over the whole of the western half of Ethiopia but is dominant in the west and south of
the country. The wheat-barley-teff activity set is dominant in the highlands, which run north-
south through the middle of Ethiopia. The perennial activity set is dominant in a few woredas,
mostly in the zones of Southern Nations, Nationalities, and Peoples’ (SNNPR) and Oromia
Regions with generally sufficient rainfall.

The combination of dominant activity set and AEZ by woreda can be related to the existing
literature on farming systems in sub-Saharan Africa. The area dominated by pure livestock
farms fits quite well with the pastoral and arid-pastoral systems of Dixon, Gulliver and Gibbon
(2001) and the pastoral and agropastoral zone of Otte and Chilonda (2002). Especially in
the north-eastern part, this correlates with a high cattle population density. In general, the
farming systems in this study show a higher tendency towards crop-based farming systems
compared with those of Dixon, Gulliver and Gibbon (2001). This may be due to the rapid
expansion of cropland over the past decade: total arable land increased by 54.8 per cent
between 2001, the year of the study of Dixon, Gulliver and Gibbon (2001), and 2012, the
year of the ERSS data (FAO, 2016).
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Figure 2 Combination of dominant activity set and AEZ by woreda (top) and the distribution of
farming systems for the subset in the rectangle (bottom)
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3.2 Poverty and food security by farming system

Figure 3 graphically shows the poverty, food availability and food diversity measures.
The calculations comprise the average extrapolated and harmonized data on yields, crop
area, inputs, animals and animal products, and use of products by smallholder farming
system. For the poverty indicator, additional information on prices that are not available
in the national statistics were necessary. Prices of variable inputs and crop outputs were
therefore taken as averages from the ERSS data.

The food security indicator was measured by the combination of food availability and food
diversity. Food availability was calculated by the total on-farm livestock and crop production
in calories per capita per day and the fraction that gets consumed, sold or used for another
purpose (middle graph of figure 3) and compared with the minimum daily intake for
Eastern Africa (dotted line). Food diversity was measured following a similar method as
the income-based food security indicator developed by Antle, Adhikari and Price (2015).
To respect local dietary preferences and availability of different food types, we used the
Ethiopian national food consumption survey to calculate the share by food type consumed
for each of the main zones in Ethiopia (EPHI, 2013). Based on these shares, we calculated
the kilocalories of each food type that needed to be bought to fulfill dietary wishes, after
self-consumption has been accounted for. The necessary kilocalories to complement the diet
were converted to United States dollars. The cost of food diversity was compared with the
profit achieved through market interaction (dotted line in bottom graph in figure 3).

When total net revenues of all on-farm production activities were added to the revenues
obtained from off-farm work, none of the farming systems meet the US$1.25 per person
per day poverty line. On average, a farmer’s net revenues are around US$0.5, of which only
6 per cent is obtained from off-farm work, and other revenues are split about evenly between
arable and livestock activities (45 and 48 per cent, respectively). The drought-prone zone
contains both the highest and lowest revenues per person per day (US$0.92 per person
per day for the perennial activity set and US$0.26 for the pure livestock activity set).
The perennial activity set had a small land size, indicating that, unlike what is suggested
in the literature, not only the size of the farm, but also the value of the crop produced is
important to determine poverty status (Hanjra, Ferede and Gutta, 2009; Jayne et al., 2003).
The highest commercialization of agricultural activities was observed for millet-sorghum
in the arid-pastoral zone (20 per cent), and maize (14.5 per cent) and wheat-barley-teff
(15 per cent) in the moisture-reliable zone. The highest shares of off-farm work were found
for pure livestock (15.6 per cent) and maize (16.6 per cent) in the moisture-reliable zone.
Both findings are in line with Chamberlin, Pender and Bingxin (2006), who found higher
commercialization of cereals and more engagement in off-farm work in the moisture-reliable
zone compared with the drought-prone zone. On average, 11 per cent of smallholder farmers’
total revenues is obtained from off-farm work, which is close to the 12 per cent found by
Frelat et al. (2016) for households without enough food available and 14 per cent found by
Rapsomanikis (2015).
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Figure 3 Measures of poverty, food availability and food diversity
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The importance of the biophysical context to enhance productivity is highlighted by the
kilocalories obtained per farming system (middle graph of figure 3). With respectively 2,245,
1,976 and 1,680, and 2,403 kcal per capita, only millet-sorghum in the arid-pastoral zone,
millet-sorghum and wheat-barley-teff in the drought-prone zone, and wheat-barley-teff in
the moisture-reliable zone produce at or around the minimum daily intake of 2,245 kcal
per capita (van Wesenbeeck, Keyzer and Nubé, 2009). This finding - that consumption of
self-produced crops does not cover the food need for most farming systems - is in line with
the results of Frelat et al. (2016) and leads us to conclude that per capita availability of
calories is closer to the 1,810 estimated by FAO (2017) than to the 2,046 estimated by van
Wesenbeeck, Keyzer and Nubé (2009). Crop, and especially cereal, production accounts for
the largest source of energy, which is reflected by the very low amount of energy obtained
from own production for pure livestock and perennial farms across all AEZs. This is in line
with the results of Frelat et al. (2016), who found that 60 per cent of food availability comes
from crop production.

When we focus on food diversity the picture is different (bottom graph of figure 3).
Because of the focus on high-value nutrient-rich livestock products, smallholder farms
in the arid-pastoral zone have lower costs to complement their diet compared with the
drought-prone and moisture-reliable zones (US$0.26 compared with US$0.35 and US$0.36
per person per day). Only for the pure livestock dominant activity and the perennial activity
in the moisture-reliable zone do diets need to be complemented with cereals. Diets need to
be complemented mostly by fruits and vegetables in the drought-prone zone, root crops in
the moisture-reliable zone and a mix of different items in the arid-pastoral zone.

3.3 Poverty and food availability by region

High population density and corresponding difficulties with access to land suitable for
agricultural activities are prevalent throughout Ethiopia and are likely to persist as rural
population densities continue to increase (Josephson, Ricker-Gilbert and Florax, 2014).
To assess where Ethiopia is most prone to poverty and food insecurity, we calculated the
food energy and gross revenues obtained from production (bottom maps of figure 4).
The incidence of food insecurity and poverty is especially high in the arid-pastoral zone.
The areas that are dominated by the perennial activity perform well in terms of net revenue.
This confirms the results of figure 3. The depiction that per capita calorie intake is lowest in
the pastoralist areas and food insecurity is higher in the Tigray Region and SNNPR is in line
with Dorosh and Rashid (2012).
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Figure 4 Average farm size (top left), share of land intensified (top right), kcal/person per day
produced (bottom left) and gross revenues from production (bottom right) per person per day
by woreda
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4 Discussion and conclusion

The objective of this study was to combine household survey, agricultural census and land
cover data to analyse food security and poverty both at the micro (farm) and macro (regional
and country) levels. To do this, we developed a novel methodology that combines different
data sources to establish country-wide farm typologies that enable an analysis of poverty and
food security that is both farm-system specific and spatially explicit. To test our methodology,
we analysed the poverty and food security situation of Ethiopian smallholder farms.

4.1 Discussion

In the existing literature, farming systems and poverty and food security analyses often use
either regional or national statistics in combination with expert knowledge or household-level
data and statistical clustering techniques. Expert knowledge and macro-level statistics map
farm structures and analyse poverty and food security across large regions and multiple
countries (Cassman et al., 2005; Dixon, Gulliver and Gibbon, 2001; Seré and Steinfeld,
1996). However, this does not record heterogeneity within the coarse administrative units
and therefore cannot be parameterized with data. A typology that is constructed using farm
household data enables the construction and quantification of farm-type-specific levels of
poverty and food security (Cecchi et al., 2010; Jayne et al., 2003; Lowder, Skoet and Raney,
2016; Otte and Chilonda, 2002; Oumer, Hjortse and de Neergaard, 2013). However, this
has limited coverage and representativeness. In this study, we combined the two approaches,
using several datasets and statistical methods to capture spatial heterogeneity in land cover
and land use at both the small- and large-scale levels, as well as to capture the heterogeneity
of the actors operating the land.

The resulting typology reflected the importance of geographical factors influencing farmers’
livelihood options. The arid-pastoral zone had mainly pure livestock and millet-sorghum
farms, whereas the drought-prone and moisture-reliable zones had different mixed farming
systems, but cereal-based farming systems dominated there. However, characterizing farming
systems goes beyond the AEZ. Factors such as access to markets, population density, main
production activities, and degree of off-farm work have been used by others to further
understand heterogeneity between smallholder farms (Chamberlin, Pender and Bingxin,
2006; Oumer, Hjorte and de Neergaard, 2013; Tittonell, 2014). However, none of these
studies has been able to distinguish these factors among farming systems. By spatially
differentiating within the defined farming systems, this study moves beyond an entry point
for development interventions targeting reduced poverty and increased food security towards
a way to quantify the impact of different types of farming systems in different areas.

21



22

Regarding poverty, our results show that, even when farmers would sell all their produce, total
revenues would be below the US$1.25 per day line for all farming systems. Moreover, the
percentage of products sold and the share of off-farm work in the total value of production
was very low. The highest degree of market interaction (sale of agricultural products and
off-farm work combined) was found in the moisture-reliable zone, especially for the
maize-based farming system. The pure livestock farming system and the arid-pastoral zone
were characterized by especially low market interaction, which is reflected by the low average
revenues in Afar Region and Somali.

Regarding food security, only millet-sorghum in the arid-pastoral zone, wheat-barley-teff in
the moisture-reliable zone and both in the drought-prone zone produced at or around the
minimum daily calorie intake. All farming systems needed to buy additional products from
the market to secure a healthy diet and, currently, revenues obtained from market interaction
are insufficient. For the pure livestock dominant activity and the perennial activity in the
moisture-reliable zone, the food basket needs to be complemented with cereals. The relatively
better food security status of the millet-sorghum and wheat-barley-teff activity sets is reflected
by the higher per capita calorie availability in Tigray, Amhara and northern Oromia.

The farm-system- and location-specific poverty and food security indicators provide a first
direction on whether the transformation of smallholder agriculture should be achieved via
increased market orientation or increased productivity. While some studies indicate that large
parts of the yield gap can be closed without the need for new technologies (Henderson et al.,
2016), others highlight the importance of better access to markets (Frelat et al., 2016; Hanjra,
Ferede and Gutta, 2009; Jayne et al., 2003; Sibhatu, Krishna and Qaim, 2015). Our results
show that better market access may especially benefit the millet-sorghum, wheat-barley-teff
and perennial activities and the moisture-reliable zone, where yields and production diversity
are relatively high. Improved productivity and increased diversity may especially benefit the
maize and pure-livestock systems and the arid-pastoral zone, which are characterized by low
food availability and high costs to complement the food basket. Well-targeted policies that
account for the diversity among smallholder farms and between regions is therefore key to
improving poverty and food security.

4.2 Conclusion

We developed a novel methodology integrating household survey data with land cover
data and subnational statistics to establish country-wide farm typologies that enable
farm-system-specific analysis. To target policies aimed to counter poverty and improve food
security, it is imperative to properly reflect what defines farmers’ production choices at what
locations. The typology in this paper focused on the AEZ, farm size and main activity set,
enabling us to account for the diversity of smallholder farming systems while also taking
large-scale commercial farms into account. To quantify and spatially differentiate the farming
systems, farm household survey data were extrapolated using a multinomial regression and
harmonized with land cover data and subnational statistics. Compared with other typologies
that commonly only focus on the spatial distribution of farming systems, this methodology
fills the resulting typology with data, enabling analysis of income and food security of
different farming systems.



This method results in farming systems parameterized in a way that allows for transitions
from one type to another. Therefore, such country-wide farming systems typology can be
extremely useful for ex ante impact analyses as well as to better target and tailor development
interventions to specific farming systems, focusing governmental efforts towards poverty
reduction or, more broadly, towards meeting the SDGs. Additional and more dynamic
elements to characterize farmers’ poverty and food security, such as market access and the
degree of intensification, can be incorporated into the existing methodological framework.
This could provide a framework to analyse trade-offs and complementarities between
targeting poverty and food security through improving market access and closing yield gaps.
As such, the methodology developed can be used in farm household and large-scale market
equilibrium models, which often require data on all household activities with a wide spatial
coverage. Therefore, the method developed in this study is replicable for other countries and
settings, as long as sufficient household survey data and subnational statistics are available.
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Annex

Table A1 Descriptive statistics of the explanatory variables used in the regression

== I =T == =

Population density (people/km?2) 1.00 77 920.00 2 109.00 8 199.84
Average elevation (masl) 175.00 3040.00 1617.94 699.98
Average slope (%) 0.04 16.16 5.30 3.25
Average rain (mm/month) 0.00 9.00 3.78 2.20
Road density (m/km2) 0.00 1696.52 54.34 172.85
Coffee Marketing Co-op 0.00 1.00 0.04 0.21
Multi-purpose Co-op 0.00 1.00 0.06 0.25
No co-op 0.00 1.00 0.85 0.36
Number of cooperatives 0.00 74.00 1.98 6.76
Total members involved 0.00 47 249.00 1808.67 6494.12
Barley dominant 0.00 1.00 0.08 0.27
Maize dominant 0.00 1.00 0.25 0.43
Millet dominant 0.00 1.00 0.01 0.12
Pastoral dominant 0.00 1.00 0.14 0.35
Sorghum dominant 0.00 1.00 0.13 0.34
Teff dominant 0.00 1.00 0.18 0.38
Wheat dominant 0.00 1.00 0.06 0.25
Barley secondary 0.00 1.00 0.10 0.29
Maize secondary 0.00 1.00 0.20 0.40
Millet secondary 0.00 1.00 0.02 0.15
Pastoral secondary 0.00 1.00 0.15 0.35
Sorghum secondary 0.00 1.00 0.15 0.35
Teff secondary 0.00 1.00 0.15 0.36
Wheat secondary 0.00 1.00 0.10 0.30
Temperate agroecological zone 0.00 1.00 0.46 0.50
Humid agroecological zone 0.00 1.00 0.16 0.37
Area (km2) 0.15 2228.47 233.12 306.43
Cropland (km2) 0.00 77.16 12.51 15.05
Other agricultural land (km2) 0.00 16.11 213 3.18
Grassland (km2) 0.00 1074.84 77.83 157.59
Forest (km2) 0.00 305.71 9.70 30.80
Wetland (km2) 0.00 108.09 2.19 9.43
Other natural land (km2) 0.00 1341.35 89.18 135.96
Other land (km2) 0.00 1334.52 39.56 144.38

Std dev., standard deviation.
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Table A2 Estimation results of the multinomial Logit model

Livestock Millet-Sorghum
Variable :,r:::) Std dev. Std dev.
(Intercept) 0.55 1.00 0.27 0.54 1.00 0.26
Population density 0.00 0.00 0.00 0.00 0.00 0.00
Average elevation 0.00 0.00 0.00 0.00 0.00 0.00
Average slope 0.02 0.52 0.01 -0.01 0.01 0.01
Average rain -0.03 0.11 0.02 0.00 0.01 0.02
Road density 0.00 0.00 0.00 0.00 0.00 0.00
Coffe Marketing Co-op -0.02 0.01 0.04 -0.01 0.00 0.03
Multi-purpose Co-op 0.42 0.90 0.22 0.02 0.59 0.14
No co-op 0.03 0.01 0.05 0.03 0.00 0.04
Number of cooperatives -0.04 0.43 0.03 0.00 0.03 0.01
Total members involved 0.00 0.00 0.00 0.00 0.00 0.00
Barley dominant 0.01 0.00 0.07 -0.15 0.02 0.08
Maize dominant -0.18 0.10 0.08 0.19 0.00 0.06
Millet dominant 0.03 0.00 0.22 0.04 0.00 0.22
Pastoral dominant -0.17 0.02 1.07 0.03 0.00 0.50
Sorghum dominant 0.24 0.18 0.07 -0.06 0.00 0.06
Teff dominant -0.08 0.00 0.06 0.02 0.00 0.06
Wheat dominant 2.22 0.00 1.37 -9.33 0.89 5.70
Barley secondary -0.10 0.01 0.06 -0.02 0.00 0.06
Maize secondary -0.02 0.00 0.05 0.12 0.01 0.05
Millet secondary 0.03 0.00 0.07 0.08 0.00 0.07
Pastoral secondary -9.91 1.00 5.61 3.03 0.01 1.68
Sorghum secondary 0.02 0.00 0.05 -0.17 0.01 0.05
Teff secondary 0.04 0.00 0.05 0.06 0.00 0.05
Wheat secondary -0.08 0.00 0.07 0.03 0.00 0.06
Temperate agroecological zone 0.01 0.01 0.03 0.03 0.09 0.05
Humid agroecological zone 2.37 0.01 0.93 2.46 0.00 0.97




Wheat-Barley-Teff Perennial
Std dev. Std dev. Incl. Std dev.
prob.

-0.65 1.00 0.45 -0.66 1.00 0.32 0.24 1.00 0.19
0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
0.00 0.10 0.01 0.00 0.03 0.00 -0.01 0.52 0.01
0.00 0.038 0.03 0.03 0.34 0.04 -0.01 0.34 0.01
0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
0.00 0.02 0.05 0.03 0.17 0.06 -0.01 0.17 0.02
0.24 0.85 0.17 -0.21 0.03 0.11 -0.23 0.90 0.14
0.06 0.01 0.06 -0.09 0.48 0.09 0.03 0.48 0.03
0.00 0.05 0.02 0.02 0.15 0.02 0.01 0.43 0.01
0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00

-0.01 0.00 0.10 0.09 0.01 0.05 0.00 0.02 0.03

-0.12 0.00 0.10 0.00 0.00 0.05 0.05 0.10 0.03
0.32 0.02 0.35 -0.20 0.05 0.57 0.02 0.05 0.17
0.35 0.04 2.43 -0.04 0.00 0.33 -0.03 0.04 0.37

-0.20 0.00 0.11 0.00 0.00 0.05 -0.05 0.18 0.03
0.11 0.00 0.09 0.00 0.00 0.05 0.00 0.00 0.03
3.53 0.00 214 1.55 0.00 0.95 1.81 0.89 1.10
0.04 0.00 0.09 0.04 0.00 0.05 0.02 0.01 0.03

-0.06 0.00 0.08 0.02 0.00 0.05 -0.07 0.01 0.03

-0.16 0.01 0.12 -0.02 0.00 0.09 0.01 0.01 0.04
1.30 0.34 517 213 0.00 1.12 2.51 1.00 1.31

-0.09 0.00 0.08 0.12 0.01 0.04 0.02 0.01 0.03
0.01 0.00 0.08 -0.04 0.00 0.04 -0.03 0.00 0.03
0.27 0.01 0.09 -0.10 0.02 0.05 0.01 0.02 0.03

-0.02 0.07 0.06 -0.02 0.10 0.05 0.00 0.10 0.02

-13.43 1.00 5.73 1.02 0.88 0.66 1.90 1.00 0.74
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Table A2 cont.d

Livestock Millet-Sorghum

Variable :,r:::) Std dev. Std dev.
Area 0.00 0.00 0.04 0.00 0.00 0.04
Cropland 0.00 0.00 0.04 0.01 0.00 0.04
Other agricultural land 0.00 0.00 0.04 -0.01 0.00 0.04
Grassland 0.00 0.00 0.04 0.00 0.00 0.04
Forest 0.00 0.00 0.04 0.00 0.00 0.04
Wetland 0.00 0.00 0.04 0.00 0.00 0.04
Other natural land 0.00 0.00 0.04 0.00 0.00 0.04
Other land 0.00 0.00 0.04 0.00 0.00 0.04
W-Population density 0.00 0.00 0.00 0.00 0.00 0.00
W-Average elevation 0.00 0.00 0.00 0.00 0.00 0.00
W-Average slope 0.00 0.01 0.01 0.00 0.00 0.01
W-Average rain -0.06 0.06 0.03 -0.04 0.00 0.038
W-Road density 0.00 0.00 0.00 0.00 0.00 0.00
W-Area 0.01 0.00 0.04 -0.01 0.00 0.04
W-Cropland -0.01 0.00 0.04 0.02 0.00 0.04
W-Other agricultural land 0.05 0.00 0.04 -0.06 0.00 0.04
W-Grassland -0.01 0.00 0.04 0.01 0.00 0.04
W-Forest 0.00 0.00 0.04 0.00 0.00 0.04
W-Wetland -0.01 0.00 0.04 0.00 0.00 0.04
W-Other natural land -0.01 0.00 0.04 0.01 0.00 0.04
W-Other land -0.01 0.00 0.04 0.01 0.00 0.04
Residual deviance 3425

Log-likelihood 8x10°

BIC 1.256

BIC, Baysian information criterion; incl., inclusion; post., posterior; prob., probability; std dev.,
standard deviation; W, spatial weight.



Wheat-Barley-Teff Perennial
Std dev. Std dev. Incl. Std dew.
prob.
0.00 0.00 0.06 0.00 0.00 0.02 0.00 0.00 0.01
0.01 0.00 0.06 -0.01 0.00 0.08 0.00 0.00 0.01
-0.02 0.00 0.06 0.00 0.00 0.038 0.01 0.00 0.02
0.00 0.00 0.06 0.00 0.00 0.02 0.00 0.00 0.01
0.00 0.00 0.06 0.00 0.00 0.02 0.00 0.00 0.01
-0.01 0.00 0.06 0.00 0.00 0.02 0.00 0.00 0.01
0.00 0.00 0.06 0.00 0.00 0.02 0.00 0.00 0.01
0.01 0.00 0.06 0.00 0.00 0.02 0.00 0.00 0.01
0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
0.00 0.00 0.01 0.00 0.00 0.01 0.00 0.01 0.00
0.11 0.89 0.05 0.05 0.63 0.05 -0.04 0.89 0.02
0.00 0.00 0.00 0.01 0.22 0.00 0.00 0.22 0.00
-0.01 0.00 0.06 0.00 0.00 0.08 0.00 0.00 0.01
0.04 0.00 0.06 -0.02 0.00 0.08 -0.01 0.00 0.02
-0.13 0.00 0.07 0.04 0.00 0.04 0.03 0.00 0.02
0.01 0.00 0.06 0.00 0.00 0.08 0.00 0.00 0.01
0.01 0.00 0.06 0.00 0.00 0.08 -0.01 0.00 0.01
0.038 0.00 0.06 -0.01 0.00 0.038 0.00 0.00 0.01
0.01 0.00 0.06 0.00 0.00 0.08 0.00 0.00 0.01
0.01 0.00 0.06 0.00 0.00 0.038 0.00 0.00 0.01
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Figure A1 Extrapolated smallholder activity per woreda
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Points represent posterior median, while the error bars denote the lower 5th and the upper 95" quantiles
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