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Abstract

Given the fundamental importance of food to human well-being, understanding food insecurity is crucial for sustainable devel-
opment. However, due to the complex nature of food insecurity, traditional linear methods of empirical analysis may mask
critical relationships between food insecurity and demographic, agricultural, and environmental factors. Here we show, using two
years of household-level survey data from Ethiopia and Nigeria, that nonparametric regression (“random forest”, in this study)
enables enhanced insight into the factors associated with self-reported food security and household dietary diversity score. We
observe nonlinearities and thresholds in the relationships between the measures of food security, livestock ownership, and
climatic conditions. The threshold-based relationships suggest that policies aimed at increasing agricultural productivity (e.g.,
livestock holdings) may only be beneficial up to an extent. While it is intuitive that some level of diminishing returns will exist,
our nonparametric analysis could be used as a first step to discern the levels to which policies may be beneficial. Additionally, our
results indicate that the random forest (and perhaps nonparametric regression and classification methods more generally) may be
especially well-positioned to uncover nuances in these relationships in years with suboptimal climatic conditions (such as during
the 2015 drought in Ethiopia). Ultimately, we argue that nonparametric approaches, when informed by existing theory, provide
an insightful complement to inform the analysis of agricultural and development policy.
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1 Introduction

Food is essential to human well-being, and food shortages
deteriorate health, exacerbate poverty, and contribute to
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political and socioeconomic instability. Despite substantial
progress in reducing the world’s malnourished population
over the last decades, food insecurity is still a pervasive prob-
lem (Myers et al. 2017; Schmidhuber and Tubiello 2007,
Wheeler and Von Braun 2013). Given the compounding ef-
fects of a growing population and the projected impacts of
climate change (Schlenker and Lobell 2010; Schlenker and
Roberts 2009), this trend presents a challenge for achieving
the Sustainable Development Goal # 2, which is aimed at
eliminating hunger and malnutrition by 2030 (UNDP 2015).
Various dimensions of food insecurity such as hunger, mal-
nutrition, and their determinants are understood via the con-
cept of food security, which is defined as a situation when
people have constant and reliable access to the food that fits
their needs and preferences for a healthy and active lifestyle
(FAO 1996). Embedded in this concept are four so-called
pillars, or determinants of food security: availability, access,
utilization, and stability (FAO 1996). Availability refers to the
sufficient quantity of food on the market and reflects aggre-
gate crop production/imports. Access refers to the ability of
households or individuals to obtain food. Utilization reflects
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both differences in food allocation within households and the
biological process of bodies absorbing and metabolizing nu-
trients from the food (Jones et al. 2013). Stability refers to the
consistency of food availability and access across time and
space. Food insecurity occurs when one or more of the four
pillars are compromised.

In countries where a large proportion of the population is
engaged in agriculture, the performance of the agricultural
sector is of particular importance for household- and
national-level food security. Therefore, in theory, agriculture
as a livelihood activity has a large potential to influence food
security, especially for small-scale farmers. However, the ma-
jority of empirical research has not been able to corroborate
the link between agriculture and food and nutritional security:
even though various agricultural strategies (such as increasing
agricultural production, cultivating more crops, diversifying
livestock herd, etc.) can increase household food production,
they do not necessarily improve household nutrition (Carletto
etal. 2015; Webb and Kennedy 2014). In particular, empirical
studies reveal the critical importance of markets, access to off-
farm income, and agro-ecological context in mediating
agriculture-food security linkages for smallholder households
(Frelat et al. 2016; Jones 2017). These findings point to the
immense complexity of food security. The complexity of food
security warrants diverse methodological approaches to un-
derstand it (Miiller et al. 2020). In fact, a lack of conclusive
evidence between specific agricultural activities and food se-
curity outcomes may stem, in part, from the methodological
approaches to analyzing these relationships (Webb and
Kennedy 2014). Empirical research on food security is largely
dominated by parametric statistical methods, while nonpara-
metric methods to analyze food security remain somewhat
underutilized, despite earlier studies (Barrett and Dorosh
1996; Deaton 1989) and advances in data availability and
computing power.

This study, set in Ethiopia and Nigeria, contributes to the
literature by analyzing and comparing associations between
household demographic, agricultural, and climatic factors and
food security outcomes as they emerge from the application of a
nonparametric method (random forest) and traditional paramet-
ric methods (linear and logistic regressions). The general idea is
that in using different analytic techniques, the analysis provides
a more nuanced perspective of food security that is less depen-
dent on assumptions about the underlying data. Specifically, we
focus on the relationships between livestock ownership, the
number of crops cultivated by the household, and rainfall and
temperature conditions as they relate to two household food
security outcomes: self-reported food security status and house-
hold dietary diversity score. From a policy perspective, this type
of analysis could be used to examine limits and thresholds in
food security relationships, and how these vary in different
contexts. One can also build on these techniques to identify
populations most vulnerable to food insecurity.
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Our specific goals are to examine (1) how measures of food
insecurity are associated with agricultural, climatic, and de-
mographic factors according to parametric and nonparametric
methods, (2) whether these associations are nonlinear, and (3)
whether the observed relationships differ between Ethiopia
and Nigeria, two sub-Saharan African countries with different
environmental conditions, pervasive food insecurity, and a
large dependence on agriculture for livelihoods.

2 Background

2.1 Alternative data and methods for empirical food
security research

Recent improvements in computing power, easily accessible
satellite data, as well as publicly available gridded datasets
(Climate Hazards Group InfraRed Precipitation with Station
data (CHIRPS) is one example) have been harnessed to ad-
dress the complexity of food security and provide auxiliary
information to power food security research (Grace et al.
2012, 2014; Kugler et al. 2019; Lentz et al. 2019; Lobell
et al. 2020). Relevant to our work, a recent study by Lentz
et al. (2019) spatially and temporally integrated a suite of data
on rainfall, livelihood zones, market price data, and
sociodemographic characteristics to create a predictive model
of food security for Malawi. Evaluation of the predictive ac-
curacy of the model used in the study suggested that data-
driven approaches to identifying hotspots of food insecurity
should be used to improve food security crisis response.

Another group of studies has used machine learning
methods to integrate survey and satellite data to study social
outcomes (Frelat et al. 2016; Jean et al. 2016; Yeh et al. 2020).
For example, Frelat et al. (2016) used artificial neural net-
works to examine relationships between household-level food
availability and socio-demographic and environmental char-
acteristics in a dataset comprising more than 13,000 house-
holds. They found that land area, livestock holdings, and
household size explained a substantial amount of the variabil-
ity in food availability, and that these relationships were both
nonlinear and strongly affected by market access and environ-
mental constraints.

Despite these studies, there have been few efforts to apply
nonparametric techniques to understand the relationships be-
tween food security outcomes and their determinants.
Traditionally, studies that evaluate the associations between
food security and determinant factors generally assume linear
relationships (Headey and Hoddinott 2016; Sibhatu et al.
2015; Sibhatu and Qaim 2017). While providing important
insight into potential linkages, such studies assume that the
associations between, for example, agricultural production
and food shortages are constant throughout the range of ob-
served values of production volume. Conceptually, this can be
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a tenuous assumption, as various factors are theorized to ex-
hibit nonlinear relationships with food security. For example,
a U-shaped relationship between precipitation and crop yields
may occur in contexts where too little or too much rain is
associated with failed crops (Husak and Grace 2016).
Quadratic and cubic transformations of covariates have been
used to investigate nonlinear relationships and thresholds
within a parametric regression framework (Nawrotzki et al.
2017); however, parametric methods do not allow such rela-
tionships to emerge organically. Building on the theoretical
understanding of the determinants of food security that
emerged from previous research and the data-driven ap-
proaches demonstrated in the studies discussed above, we
apply nonparametric methods in combination with standard
regression techniques to improve our understanding of the
topic.

2.2 Nonparametric methods
2.2.1 How nonparametric methods work: overview

Nonparametric regression methods (NPM) allow for flexibil-
ity in the predictor and, as opposed to quadratic or cubic para-
metric approaches, do not require the relationship between the
predictor and outcome variables to be presupposed, potential-
ly allowing for a more nuanced understanding of the observed
associations (Kuku et al. 2011). Nonparametric regression
techniques also often do not require such strict assumptions
about the distribution of the data (e.g., normality) and have
proven to better predict data not used to train the model
(Shortridge et al. 2015), so subsequent descriptive inferences
can be more reliable. Additionally, nonparametric regression
is often as easy to specify in common statistical programming
languages (e.g., R) as its parametric counterpart. Therefore,
given the persistence of global food insecurity and the com-
plexity of food systems, nonparametric analysis has the poten-
tial to expand the food insecurity discussion through more
reliable predictions and nuanced insight.

2.2.2 Nonparametric methods in social science

Nonparametric methods (NPM) have been used previously to
investigate social outcomes. In social science research, NPMs
have been used for density estimations and graphic
presentation of the results. For example, Deaton (1989) used
density kernel smoothing to describe the impact of rice prices
on household income distribution in Thailand. The study con-
cluded that some of the observed patterns, such as a nonlinear
relationship between an increase in rice prices and household
income, with price hikes mostly benefitting households in the
middle of the income distribution and not rich and/or poor
households, would not have been revealed by standard econo-
metric techniques (Deaton 1989). Specifically, Deaton (1989)

pointed out that the standard econometric techniques would
not have been able to uncover relationships at the tails of the
income distribution. In a similar vein, Barrett and Dorosh
(1996) used kernel density smoothing to analyze the effect
of grain prices on farmers’ welfare in Madagascar. The study
extended the nonparametric approach introduced in Deaton
(1989) by, among other things, estimating conditional expec-
tations (that can be thought of as probabilities) of households’
purchasing and selling of food relative to their income and
land holdings (Barrett and Dorosh 1996). Another notable
contribution of their study is the bootstrapping approach used
to estimate confidence intervals that does not rely on asymp-
totic assumptions about the data. More specific to the current
study on food security, Kuku et al. (2011) conducted a para-
metric and nonparametric assessment of the relationship be-
tween child obesity and household food security. They sup-
plemented the use of linear parametric regressions with the
nonparametric Local Weighted Scatterplot Smoothing
(LOWESS). LOWESS is another nonparametric technique
that works like a local weighted regression and builds on
kernel density smoothing. The parametric results from their
study showed no relationship between household food secu-
rity and child obesity. LOWESS results, however, revealed a
more complex and nuanced relationship, with the risk of child
obesity being highly nonlinear and dependent on demograph-
ic and socioeconomic factors.

A common thread in the studies described above is the
recognition of the capability of NPMs to uncover unexpected,
nonlinear, and complex relationships that cannot so easily be
uncovered with parametric models. In allowing the data to
speak for themselves, NPMs do justice to the richness of the
data collected in the surveys without imposing assumptions
about data distribution. Still, the application of nonparametric
methodological approaches to understand the underlying rela-
tionships in food security research has been rare. An advan-
tage of the nonparametric approach we undertake here (de-
scribed in more detail in the Methods section) is that it allows
us to evaluate the relationship between a measure of food
security and a determinant factor of interest (see following
section) while accounting for the other determinant factors.
As such, we take advantage of the nonparametric approach
to uncover the underlying relationships while controlling for
the influence of other factors on food security. We argue that
complementing traditional methods with nonparametric
methods, grounded in existing theory, will improve our un-
derstanding of the current complex food security situation and
what can be done to improve it.

2.3 Determinants of food security
In this study we are primarily interested in the agricultural and

environmental determinants of food security. Guided by pre-
vious research, we focus on analyzing relationships between
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the following agricultural and environmental factors and food
security outcomes. Yield (kg/ha) is a measure of agricultural
productivity, and we consider yields to reflect food availabil-
ity at the household level, especially if a household is engaged
in subsistence farming; in the case of farmers who are net-
sellers, yield is related to agricultural income. The number of
unique crop varieties cultivated by the household may reflect
dietary diversity, with different crops having different dietary
value (Shively and Sununtnasuk 2015; Sibhatu et al. 2015).
Crops also have varying tolerance to pests and weather vari-
ability, which suggests that cultivating more crop varieties
may be a strategy to reduce risk. Similar to the number of
crops, the number of livestock has also shown a relationship
with food and nutritional security outcomes (Abay and
Hirvonen 2017; Frelat et al. 2016; Hoddinott et al. 2015).
We include measures reflecting household ownership of large
ruminants (cows and oxen) and small ruminants (goats and
sheep). These livestock are valuable household assets because
they are as a source of draft power and manure for land culti-
vation, and are a significant source of milk and meat
(Devendra 2005; Sansoucy 1995; Workneh et al. 2003).
Finally, we also account for off-farm income as it has been
shown to play a substantial role in household food security,
nutrition, and general welfare (Babatunde and Qaim 2010;
Reardon 1997).

Agriculture in Ethiopia and Nigeria is primarily rainfed,
making its performance highly sensitive to climatic condi-
tions. Ethiopia in particular has a long history of droughts that
are detrimental to agriculture (Devereux and Sussex 2000;
Funk et al. 2012), and the country recently experienced an
extensive drought in 2015 (Philip et al. 2018). Therefore, this
study also considers temperature and rainfall conditions that
are relevant to the performance of agriculture (described in the
next section).

3 Materials and methods
3.1 Household survey data

We rely on the 2013-2014 and 2015-2016 rounds of the
Ethiopia Socioeconomic Survey and 2012-2013 and
2015-2016 rounds of the Nigeria General Household
Survey, conducted in cooperation with the World Bank’s
Living Standards Measurement Study — Integrated
Surveys on Agriculture (LSMS-ISA) (World Bank
2019). These georeferenced, large-scale surveys collect
detailed data on demographic characteristics, health, agri-
culture, time use and labor, food security and shocks, and
banking and credit. The surveys are spatially referenced at
the level of Enumeration Areas (EA), which roughly rep-
resent the village level. Because of our focus on house-
holds engaged in agriculture, we restrict the sample to
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rural households. Our final sample includes 3055 and
2954 households for Nigeria LSMS in 2013 and 2016,
and 2960 and 2809 households for Ethiopia LSMS in
2014 and 2016, respectively. The households were
interviewed during the months of February-April during
each survey, after they had finished planting and started
harvesting their crops. While we constructed the majority
of the variables used for the analysis from the raw LSMS
microdata distributed directly by the World Bank, we also
used several variables produced from the same LSMS
data and distributed by the Evans School Policy
Analysis and Research Group at the University of
Washington (EPAR) (EPAR 2019). EPAR uses the
World Bank’s LSMS data to create agricultural develop-
ment indicators that are comparable across countries. We
used EPAR measures of farm area, yield, and off-farm
income to ensure consistency and comparability in units
between Nigeria and Ethiopia.

3.1.1 Outcome measures

We employ two outcome variables. The first is a subjective,
binary indicator of food security, in which households self-
reported experiencing food shortage(s) (food insecure) or no
food shortages (food secure) within the past year. This
reporting was done at the household level, and a food shortage
represents not having enough food to feed the household at
some point in the past 12 months. The second measure is a
household dietary diversity score (HDDS), measured by
adding up consumption of 12 different food groups by the
household in the last week (Swindale and Bilinsky 2006).
HDDS can take on values from 0 to 12, with higher score
reflecting a more diverse diet. The two measures we rely on
describe food security from different angles: the first measure
reflects subjective, self-reported experiences with food short-
ages, whereas HDDS is more of an objective measure that
reflects diet quality.

3.1.2 Sociodemographic variables

In line with previous research, we include the following
sociodemographic variables that may impact household food
security: sex and age of household head, household size, de-
pendency ratio (the ratio of the number of household members
65 years and older and 15 years and younger to the number of
household members of working age (15-65)), and off-farm
income. These have shown associations with household food
security in previous research (Abafita and Kim 2014; Beyene
and Muche 2010; Bogale and Shimelis 2009; Demeke et al.
2004; Feleke et al. 2005) and often correlate with household
access to resources and poverty, all of which can impact food
security outcomes.
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3.1.3 Agricultural variables

As described above, this study focuses on the following agri-
cultural characteristics that have been shown to impact food
security outcomes: yield (kg/ha), the number of crop varieties
cultivated by the household, and the number of large rumi-
nants (cows and oxen) and small ruminants (goats and sheep)
owned by the household. We also account for household farm
size.

3.2 Climate data and measures

We construct a range of variables to account for recent and
long-term weather trends. The source of rainfall data is the
Climate Hazards Group InfraRed Precipitation with Station
data (CHIRPS). CHIRPS rainfall data are available at a high
level of spatial detail (0.05°) from 1981 up to date (Funk et al.
2015). For temperature, we used the Climate Hazards Center
Infrared Temperature with Stations (CHIRTS), which is a
new, high-resolution global temperature dataset produced by
the same group as CHIRPS (Funk et al. 2019). A suite of
sources are used to produce CHIRPS and CHIRTS data, in-
cluding satellite estimates and weather data from stations
(Funk et al. 2015, 2019).

We construct the following measures to describe climatic
conditions in the study area. First, we compute a measure of
total rainfall during the last 12 months before each survey for a
10-km buffer for every EA (village). Survey questions on food
security were asked in February—April of every survey year
(2014 and 2016 for Ethiopia; 2013 and 2016 for Nigeria). By
that time, farmers had planted their fields and commenced
harvest. Therefore, a 12-month window represents February
2015-January 2016 for Ethiopia and Nigeria 2016 LSMS, for
example. Second, we compute average maximum monthly
temperature for the same 12 months before the survey.
These rainfall and temperature measures for the last 12 months
reflect growing conditions for the crops. Finally, we also com-
pute temperature and rainfall anomaly z-scores relative to the
long-term (1981-2016) average rainfall and long-term (1983—
2016) average maximum temperature. Z-scores describe de-
viations of rainfall and temperature from the long-term nor-
mal, and thus allow us to investigate how food security out-
comes are associated with actual changes in climatic condi-
tions. Detailed variable description and summary statistics can
be found in Table 1.

3.3 Methods

3.3.1 Nonparametric regression and classification: random
forest

We experimented with several common nonparametric
methods, all of which are simple to implement in the R

environment for statistical computing (R Core Team 2019)
and other programming languages. However, we retained on-
ly the random forest for the inferential analysis as it provided
the highest predictive accuracy of the methods we tested.
Implementation details and justification for the selection of
random forests are described in the Supplementary
Information.

A random forest, originally developed by Breiman (2001),
consists of an ensemble of regression or classification trees.
Each tree is built by recursively “splitting” the dataset at points
within the domain of the independent variables (e.g., splitting
the dataset into two groups representing X3 <4.6 and X3 >
4.6). For classification, the splitting attempts to most accurate-
ly partition the response variable into its classes (in this case,
instances of food security and insecurity). In each terminal
node (or “leaf”) of a classification tree, the model predicts
the most common class. For regression applications, the split-
ting attempts to reduce a measure of the variability of the
response in each leaf (in this case, HDDS values). The model
then predicts the average value within each leaf. Random for-
ests consist of a large number of trees (e.g., 500), each of
which is independently trained using a bootstrapped sample
of the original data. Additionally, at each splitting point, only
a random subset of the independent variables is considered.
These properties help to reduce the correlation between the
trees, decreasing the overall model variance (Deng et al.
2011). Each tree is used to provide a prediction for an input
vector X. For classification, the final prediction for the overall
random forest can be given either by the most popular classi-
fication or stated as a probability, Py ;, representing the prob-
ability that the vector X was assigned to class i. For regression,
the final prediction is the average prediction over all trees.
Because of their ensemble nature and the fact that each tree
is only fit to a subset of the covariates, random forests are less
prone to overfitting than regular tree-based methods.
Consequently, they have proven widely popular and generally
perform well at prediction.

To explore the associations captured by the models we use
partial dependence plots (PDPs). PDPs are visualizations of
the association between each independent variable (X;) and
the measure of food insecurity (Y), accounting for the vari-
ability in all other covariates. Each point (X, y) on a partial
dependence plot represents the average prediction made by
the model (y value) if every instance of X; is set to x, keeping
all other independent variables (X_;) at their original values. A
PDP for a linear regression model would show a straight line
representing the regression coefficient (f3).

We estimate two model specifications for the random
forest and the logistic and linear regression (discussed in
the next section). Model 1 includes the following inde-
pendent variables: age and sex of household head, house-
hold size, household dependency ratio, household floor
type, off-farm income, farm size, yield, number of crops
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Table 1 Variable description and summary statistics for the 2016 LSMS samples for Ethiopia and Nigeria
Variable name Variable description Ethiopia Nigeria
Mean SD Mean SD
Outcome variables
Self-reported household 1- food secure: a household did not report 71.81 81.89
food security status experiencing not having enough food in
the last 12 months; 0 - food insecure
(% food secure households)
Household Dietary Diversity Count of food groups consumed by the 5.81 1.82 8.20 1.88
Score (HDDS) household in the last 7 days (0-12)
Independent variables
Sociodemographic
Age of household head Age of household head (years) 46.70 14.26 51.60 13.87
Sex of household head Sex of household head (% female-headed 22.79 16.89
households) "W
Household size Total number of household members % 6.34 2.49 7.74 3.57
Dependency ratio The ratio of the number of household members 1.17 0.90 1.05 0.89
younger than 15 and older than 65 to the
number of members between the ages of 15-64
Floor Finished floor in the household’s dwelling 3.60 60.73
(% households)
Non-agricultural income Income from wage employment in all 182.00 5556 541.70 6520
non-agricultural activities (2016 USD) uw
Agricultural
Farm size Land size, all cultivated plots (ha) uw 1.21 8.30 1.04 2.61
Yield Yield of all major crops (kg/ha) "™ 71,563 351,576 112,321 547,731
Number of crops Total number of crop varieties cultivated by 5.61 3.97 2.78 1.90
the household
Number of livestock Total number of cows, oxen, goats, and sheep 9.71 22.44 4.96 13.39
owned by the household
Climatic conditions
Rainfall Total rainfall during the 12 months before 985 482 1358 534
the survey (mm)?
Temperature Average maximum monthly temperature during 27.73 325 33.0 1.42
the last 12 months before the survey (degree C)
Rainfall anomaly z-score Z-score of the total rainfall 12 months before —-1.06 1.57 -0.72 0.76
the survey relative to 1981-2016
Temperature anomaly z-score Z-score of the average max temperature 12 months 1.88 0.51 1.17 0.44
before the survey relative to 1983-2016
N (households) 2809 2954

"'UW indicates a variable was sourced from the LSMS data distributed by the Evans School Policy Analysis & Research Group at the University of
Washington (EPAR 2019); otherwise it was constructed from the raw World Bank LSMS microdata

2 In Nigeria and Ethiopia, household sections of the survey were fielded in February—April, by which time planting ends and harvesting starts. All climate
variables were computed for the 12 months before the start of the household section of LSMS (for example, February 2015-January 2016 for Ethiopia

and Nigeria 2016 LSMS)

cultivated, number of livestock, total rainfall over the last
12 months before the survey, and average maximum tem-
perature over the last 12 months. Model 2 includes the
same variables as Model 1, except the 12-months climate
variables are replaced by rainfall and temperature anoma-
lies’ z-scores; Model 2 also controls for long-term average
maximum temperature (1983-2016) and rainfall (1981—
2016). Model 1 and Model 2 include fixed effects for
regions (Ethiopia) and states (Nigeria).
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3.3.2 Logistic and linear regressions

We compare the random forest results alongside those of a
logistic regression (for the binary outcome of household food
security status) and linear regression (for the continuous mea-
sure of HDDS). Logistic (and probit) regressions are com-
monly employed in studies of food security where the out-
come is dichotomous (Bogale and Shimelis 2009; Demeke
et al. 2011; Sam et al. 2019). Our logistic model takes the
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form logit(Y) = 3o + Y1, B; X, where Y is the dichotomous
outcome variable, X; are the independent variables, and (3; are
the estimated regression coefficients. [3; represent log odds,
which were converted to probabilities for comparison with
the random forest results. The models include regions (for
Ethiopia) and states (for Nigeria) as fixed effects to account
for unobserved heterogeneity in the linear and logistic regres-
sions. Standard errors are clustered at the EA level because it
is the level at which climate data were aggregated. We com-
puted Variance Inflation Factors (VIF) to ensure no significant
multicollinearity among the independent variables.

3.3.3 Statistical significance and variable importance

Parametric methods generally calculate a p-value for each
independent variable, which represents the probability that
the regression coefficient is statistically different from zero.
Nonparametric methods, however, do not automatically gen-
erate an equivalent metric. This may be seen as a limitation by
many researchers who are accustomed to using statistical tests
to inform their interpretation. However, notions of “variable
importance” can be derived from the models (Breiman 2001),
which describe the model’s assessment of the magnitude of
influence exerted by each independent variable on the depen-
dent variable. Additionally, the vertical range of the PDP can
be used as another indication of the relative influence of a
variable on the outcome (Shortridge et al. 2015). In both of
these approaches, there is no “importance threshold” (e.g., p <
0.05), below which variables are discarded from the analysis.
This is because, given the nature of nonparametric models,
different variables can have different degrees of influence over
their domain. PDPs can be used to assess this level of influ-
ence and make more qualitative judgments about the relative
effect of different factors.

4 Results

We present the results by describing patterns that emerge from
both logistic/linear regressions and nonparametric ap-
proaches. We present results in the form of partial dependence
plots, which depict associations between each covariate and
the food security outcomes, accounting for the variability in
all other covariates. We plot these for both the logistic/linear
regressions and the random forest. The first general pattern we
observe is that the relationships between the two measures of
household food security and their determinants vary from one
year to another, not only in magnitude but also in the direction.
While this finding is evident from the regression results alone,
the random forest provides a way to explore these patterns in
more detail.

4.1 Livestock

Livestock is an important household asset, and it has shown a
positive relationship with various measures of food and nutri-
tional security in previous research (Hoddinott et al. 2015;
Shively and Sununtnasuk 2015; Slavchevska 2015). Here
we examined for nonlinear patterns in that relationship. The
results reveal a nonlinear relationship between the number of
livestock and both measures of food security in Ethiopia in the
2014 and 2016 samples: owning up to about 18 large and
small ruminants is associated with better self-reported food
security and higher household dietary diversity, and after 18
head of livestock the relationship levels off (Figs. 1a and 2a).
Since different kinds of livestock have different values for
household food security (Sansoucy 1995), we also disaggre-
gated livestock into the number of goats and sheep and the
number of cows and oxen (Figure A-2 in the Supplementary
Material). It appears that owning up to about 7 cows/oxen is
linked to better self-reported food security, after which the
positive relationship disappears. Although this threshold
should be interpreted with caution because it is observed at
the tail of the data distribution, it merits further investigation
as it is in line with other work corroborating that livestock is
associated with better food security (Porter 2012), but that
there might be diminishing returns to livestock ownership
(Dercon 2004). No clear thresholds are observed for the mea-
sures describing livestock ownership and food security out-
comes in Nigeria (Figs. 3a and 4a).

4.2 Number of cultivated crops

In previous research, the number of cultivated crops has fairly
consistently shown to be positively associated with dietary
diversity, although the strength of the association is not always
strong (Shively and Sununtnasuk 2015; Sibhatu et al. 2015;
Slavchevska 2015). Our findings are consistent with these
results, and we find no thresholds in that relationship for either
country. A minor inflection point can be identified in 2014 for
Ethiopia, when cultivating up to approximately 4 crops was
associated with better self-reported food security (Fig. 1b). For
Nigeria we observe that an association between the number of
crops and self-reported food security status becomes negative
after about 4 crops in 2013 (Fig. 3b). As a secondary analysis,
we disaggregated the number of crops by the number of cereal
and non-cereal crops and repeated the analyses. We found no
major differences in the observed relationships between the
number of cereal vs. non-cereal crops for either country
(Figures A-2 and A-3 in the Supplementary Material).

4.3 Climatic conditions

Here we describe the associations between rainfall and
temperature as well as temperature and rainfall anomalies
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observed in the most recent agricultural season. In gener-  climate and food security, suggesting there are optimal

al, our results demonstrate several nonlinearities and climatic conditions associated with positive food security
inverted U-shaped relationships between the measures of  outcomes.
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<« Fig. 1 Partial dependence plots comparing the linear and non-parametric
relationships between selected covariates and self-reported food security
in Ethiopia based on the 2013—14 (red) and 2015-16 (blue) samples of the
Ethiopia LSMS. The bars on top and bottom of the graphs represent
histograms of sample distribution for a given variable for LSMS 2013—
14 (top, red) and 2015-16 (bottom, blue). Higher partial dependence
represents higher food security. The PDPs for the panel “Agricultural”
and “Climate” were estimated using the Model 1 specification (described
in main text). The PDPs for “Climate anomalies” were estimated using
Model 2. All PDPs control for the full set of demographic and socioeco-
nomic covariates described in the text but are not shown here to preserve
space. 20 bootstrapped samples of the datasets were taken to generate the
uncertainty bands for the random forest. For visual clarity, uncertainty
bands in the linear model are not displayed and all data and PDPs were
truncated at the 5% and 95% quantiles. Logistic regression coefficients
and significance levels are represented in Tables A2-A3 in the
Supplementary Material

In Ethiopia, there is a nonlinear association between total
rainfall in the last 12 months and self-reported food security
status in 2016 (Fig. 1c), with an inflection point of about
1200 mm (i.e., food security is highest at 1200 mm). In a
similar way, the relationship between rainfall and self-
reported food security in 2014 becomes negative after about
1500 mm of rainfall.

A non-linear relationship exists between rainfall and
HDDS in 2016 in Ethiopia, with several inflection points: up
to 1100 mm of rain in the preceding 12 months is associated
with lower HDDS, but rainfall in the range of 1100—1800 mm
is associated with more diverse diets for households as indi-
cated by higher HDDS (Fig. 2¢). This nonlinearity may be
reflective of the drought conditions in the aftermath of which
the Ethiopia 2015-16 LSMS was collected and potentially
indicates that during that time, households consumed less di-
verse diets (lower HDDS). The relationship between rainfall
and HDDS in 2014 becomes negative after ~1800 mm of
rainfall (Fig. 2c¢).

Similar to the measure of rainfall in the last 12 months, we
also observe nonlinear relationships between rainfall anoma-
lies and self-reported food security in Ethiopia in both years
(Fig. le), indicating that too little and too much rainfall rela-
tive to the long-term normal is negatively associated with self-
reported household food security. In particular, the relation-
ship between rainfall anomaly z-scores and self-reported food
security resembles an inverted U-shape in 2014 (Fig. le); it
looks nonlinear, although the exact shape is hard to ascertain,
for self-reported food security and HDDS in 2016 (Figs. le
and 2e).

In Nigeria, the relationship between total rainfall in the last
12 months and the two food security measures is noticeably
more linear than for Ethiopia (Figs. 3c and 4c). Unlike in
Ethiopia, the measure of recent rainfall shows a consistently
positive relationship with HDDS (Fig. 4c). We also observe
what looks like a weak inverted U-shaped relationship be-
tween rainfall anomalies z-scores and self-reported food secu-
rity status for Nigeria in 2016 (Fig. 3e).

We observe inverted U-shape relationships between tem-
perature anomalies and self-reported food security in Ethiopia
in 2014 and 2016 (Fig. 1f). No clear thresholds are observed
between the temperature anomalies and HDDS Ethiopia (Fig.
21), although the direction of the relationship is opposite for
the 2014 and 2016 survey rounds. There is no clear pattern
that we can discern from the relationship between temperature
z-score anomalies and self-reported food security in Nigeria
(Fig. 3f), and the relationship between temperate anomalies
and HDDS appears linear (Fig. 4f).

4.4 Limitations and extensions

The observed relationships are specific to the datasets that we
used, and we do not claim that these represent trends general-
izable to other data samples. PDPs implicitly assume that the
covariate being varied is uncorrelated with all other covariates
(i.e., that hypothetically varying it over its range would not
affect the values of other covariates). When this assumption is
violated, the resulting PDP is built from sets of values (X) that
are very unlikely or even implausible in reality. Given that we
do not observe large correlations between any of our covari-
ates as indicated by the VIFs, we believe that this assumption
is justified in our case.

The numerical values of thresholds (e.g., after 18 live-
stock the relationship levels off) are approximate and
should not be interpreted in a prescriptive sense. The goal
of this study was to identify if such thresholds/
nonlinearities exist, but in order to establish a precise
threshold value, a different research design — a randomized
experiment, for example — is needed.

We utilized two measures of food security for our anal-
ysis. The self-reported measure is advantageous as it is
simple and dichotomous, whereas HDDS is also easy to
understand and collect. Yet these measures do not fully
represent the multidimensional issue of food (in)security,
and there exist a variety of different methods for quantify-
ing food security, each of which has advantages and dis-
advantages (Headey and Ecker 2013; Jones et al. 2013).
For example, we observe flat curves for the associations
between the number of cultivated crops and HDDS (they
appear even flatter than those for the self-reported measure
of food security). However, this might be a feature of the
HDDS as a measure — an additional cereal crop may rep-
resent an additional food source, but if cereals are already
present in a household diet, it does not represent a new
food group that would increase the HDDS for a given
household. Even though we did not find differences in
the associations when we disaggregated the number of cul-
tivated crops to the number of cereal and non-cereal crops,
more research is needed to better understand the relation-
ships between the types of cultivated crops and household
food security. Relatedly, addressing multiple dimensions
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Fig. 2 Partial dependence plots comparing the linear and non-parametric
relationships between selected covariates and household dietary diversity
score (HDDS) in Ethiopia based on the 2013-14 (red) and 2015-16

of food security by utilizing its various definitions and
measures within the nonparametric framework is a prom-
ising direction for future research.

The suite of nonparametric methods that we explored is by
no means comprehensive. Prior to selecting the random forest
(see Supplemental Material), we aimed to demonstrate several
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(blue) samples of the Ethiopia LSMS. Linear regression coefficients
and significance levels are represented in Tables A2-A3. Please refer to
Fig. 1 for technical details about the figure

commonly used methods that are simple to implement in R
(and other languages). It is possible that substantial improve-
ments in predictive accuracy could be gained by exploring
more methods, ensembles of the methods used, or through
hyperparameter selection. Future work could aim to explore
these avenues.
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5 Discussion

The goal of this study was to analyze and describe the rela-
tionships between self-reported food security status, house-
hold dietary diversity score, and their determinants by using
traditional methods—Ilinear and logistic regressions—and a
nonparametric method—random forest. As the results show,
random forest can help discover nuances such as nonlinear-
ities and thresholds, which could further be used to identify
vulnerable populations and inform theory about the determi-
nants of food security. Several substantive and policy-relevant
findings and their implications should be mentioned. First, a
general positive association with a threshold of about 18
(small and large ruminants) is observed between livestock
ownership and both self-reported food security status and
household dietary diversity score in Ethiopia. While the pos-
itive relationship between livestock ownership and food secu-
rity is not a novel finding, the fact that we observe this asso-
ciation in years with normal rainfall and in the aftermath of a
drought may indicate that livestock ownership, particularly
the number of cows and oxen, can be protective of household
food security during droughts. Further, this threshold may
point to diminishing returns of livestock ownership for house-
hold food security, which has been observed in previous re-
search (Dercon 2004). Given that the LSMS survey does not
sample a sufficiently large population of pastoralists (those
primarily engaged in animal husbandry), our findings regard-
ing livestock in both countries are likely specific to mixed
cropping-livestock smallholder farming systems, warranting
further research into potential nonlinear relationships between
herd size and food security in pastoralist communities.
Second, a relatively flat relationship between the number of
cultivated crops (as opposed to the non-linear relationship
with livestock) and the measures of food security indicates
that crops potentially contribute to household food security
in a fundamentally different way than livestock. While we
can only speculate why this might be the case, this finding
warrants further research into the pathways connecting house-
hold agricultural livelihoods and food security. Taken togeth-
er, these findings indicate that policies aimed at increasing
agricultural productivity may be beneficial for household food
security outcomes only up to a point.

Our study also demonstrates nonlinear relationships be-
tween climatic conditions and food security outcomes in
Ethiopia, while in Nigeria the relationships are more linear.
In particular, we show that too much and too little rainfall is
negatively correlated with the self-reported measure of house-
hold food security in both countries. In addition, higher-than-
average temperature (temperature anomalies) in Ethiopia are
strongly negatively associated with self-reported food security
and HDDS in both survey samples. Non-linearity in the rela-
tionship between rainfall and self-reported food security and
HDDS in the 2016 sample in Ethiopia may in fact reflect the

observed drought conditions in Ethiopia that prevailed before
the survey. As such, the random forest may be useful for
uncovering and illustrating the patterns among the determi-
nants of food security based on surveys conducted in different
years and in different climatic conditions. While several recent
studies showed no large-scale quantitative impact of the 2015
drought in Ethiopia on agricultural production, wages, prices,
and the rates of child malnutrition (Hirvonen et al. 2020;
Sohnesen 2019), our findings could be used to inform future
research on the response of rural households to droughts.

In summary, we show that a random forest can be used to
enhance insight provided by the traditional methods in food
security research and advocate for a wider use and implemen-
tation of nonparametric methods into food security analyses.
Our study provides insight about thresholds among various
measures of household agricultural activities, climatic condi-
tions, and food security, which, at the very least, warrants
future research into the complex issue of household food se-
curity. The threshold-based relationships observed in our anal-
ysis suggest that policies aimed at increasing agricultural pro-
ductivity (e.g., livestock holdings) may only be beneficial up
to an extent. While it is intuitive that some level of
diminishing returns will exist, our analysis could be used as
a first step to discern the levels to which policies may be
beneficial. More generally, our results reveal instances in
which linear analysis does not capture nuances in the relation-
ships in the data. Our findings show the kind of analysis that
we have presented in this work could complement traditional
forms of statistical inference in social science research and
beyond.
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