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ABSTRACT
The application of Support Vector Machine (SVM) to classify food
security in a northeast region in Brazil is explored. This type of
application represents a novel use of the SVM in addressing
contemporary social science questions. The results demonstrate
an accuracy > 75% and a recall of 84% for classifying households
that are food insecure. The variables identified by the model are
consistent with contemporary theories of food security and vul-
nerability. The successful application of SVM in this instance and
the growing availability of large-scale social science datasets
suggest that data mining techniques will have a larger role to
play in answering critical social science questions in the future.

Introduction

Currently, 850 million people around the globe are chronically hungry (FAO
2012) and over 2 billion suffer from stunting, wasting, and other effects of
inadequate nutrition. Although the rate of food insecurity has dropped over
the last 50 years, the rate of reduction has slowed recently; this is a trend that
is influenced by a population that is increasing at a rate higher than produc-
tion increases, high levels of poverty, and a changing climate, which con-
tributes to greater risk in agricultural subsistence activities (Wheeler and Von
Braun 2013). National governments as well as international and civil orga-
nizations invest billions of dollars per year in programs designed to reduce
the incidence of food insecurity, and the United Nations recently launched
an initiative entitled Zero Hunger Challenge (United Nations 2012) The
quantification of food security is a first step in the design of these programs.
The greater challenge is to identify the suite of interacting social, economic,
and material factors that contribute to food insecurity in order to design
effective policies that target the most food insecure populations. This article
presents an application of Support Vector Machine modeling utilizing a
dataset collected from farming households in northeast Brazil. The objective
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was to assess the utility of the method for identifying the household-level
factors most strongly associated with food insecurity. To the authors’ knowl-
edge, this is a novel application of the analytical technique.

The World Health Organization defines food security as existing when “all
people at all times have access to sufficient, safe, nutritious food to maintain
a healthy and active life” (FAO 1996). The three aspects of food security
include availability, access, and utilization. Availability, which requires that
sufficient quantities of food are available on a regular basis, is a necessary but
insufficient condition to guarantee food security. Access to food refers to the
ability of an individual or household to mobilize resources, either productive
or financial, to gain access to a sufficient quantity and quality of food for
their needs. Utilization refers to appropriate use of foods as well as adequate
water and sanitation. A household is considered food insecure if it fails to
meet the requirements for one or more of these conditions.

Brazil is a major food exporter and has fully functioning markets, but rates of
food insecurity remain high. Therefore, in the present analysis we focus on the
measure of food access. Even when food is readily available in the market, for
example, many households do not have the resources to produce or purchase the
quantity or quality that they require. Various factors, such as having sufficient land
for production, formal and informal employment, and the number of workers in
the household, among others, all contribute to the ability of a household to access
sufficient food. Food insecurity might be a chronic state, in which households
spend years without being able tomeet their needs. It might also represent a short-
term or temporary state that occurs as a result of a shock, such as increased food
prices, a health emergency for the primary breadwinner, or a natural disaster.

Increases in food security require multiple types of investments, which
include human, productive, economic, and natural resources (Rosegrant and
Cline 2003). Although there is strong empirical evidence that demonstrates
the range of needed investments, the individuals responsible for developing
food security programming need to know how this set of variables plays out
within a particular context. Because of the complexity of factors influencing
food security, there is no universal approach that serves as a panacea.
Although the suite of investments might be similar, the way investments
interact impact food security in local contexts could be very different.

Data for this study was collected from farming households in the state of Ceará,
northeast Brazil, and a brief description of the study region characterizes the
complexity of food insecurity and informs the interpretation of the results of the
analysis. Although Brazil is one of the largest economies in the world, portions of
the country, including the northeast, still have much in common with developing
countries around the world. For example, the level of food insecurity for the
country is 35%, but rises to 54% in the northeast (IBGE 2010). This disparity in
poverty rates follows a similar pattern. The northeast represents 28% of the
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Brazilian population, yet contains over 70% of the poor population (de Souza and
Osorio 2013).

Historically, agriculture was the economic mainstay of the Brazilian northeast.
In the semiarid regions, such as Ceará, cotton was the primary cash export that
provided a living for farmers during the early to mid-20th century. In the mid-
1980s, with the arrival of the boll weevil and depressed cotton prices on the
international market, cotton production all but disappeared from the region.
Following the crash, the region’s economy began to shift to an industrial and
services base, but many people remained in the agricultural sector. Recent figures
show that whereas 28% of the population’s primary activity is in agriculture,
agriculture accounts for only 4% of the state’s economic activity (IPECE 2012).
The lack of economic vigor within the agricultural sector is compounded by severe
periodic droughts. The many families who produce most of the food that they
consume are highly exposed to droughts due to the lack of irrigation infrastruc-
ture, which is unviable in most locations due to inaccessibility of subsurface water
or the high saline content.

Drought impacts food access, and consequently food security, in several
ways. First, food prices increase. Much of the region’s agricultural production
is for local markets, and, during a drought, staple crops must be imported,
which leads to prices that are sometimes five times higher than normal.
Second, agricultural labor demand disappears. For many, agricultural labor
is a principal source of cash. When drought hits, the agricultural sector
shrinks and many are left without cash income. Finally, almost all of the
rural families are dependent to some degree on production to meet their food
needs. Because the margin between production and consumption demands is
so slim, drought losses can have significant impacts on food security.

Chronic food insecurity is a significant challenge in the region, a situation that
was exacerbated in 2012 by the worst drought in over 50 years. By August 2012,
nearly 85% of the urban water systems were near collapse and agricultural
production losses reached 100% in some areas. At the time of the 475 interviews,
only 38%of the households were food secure and 12%were severely food insecure.
Individuals in these severely insecure households reported that there were some-
times nothing to eat in the house or that they went more than 24 hours without
eating. With the application of the analysis in this study, we seek to determine the
portfolio of factors that discriminate the level of food security among households.

Material and Methods

Data collection

Data were collected through household surveys during June–July 2012 using a
two-stage stratified random sample. Six municípios were selected from among
the 184 municípios in Ceará; each represented one of the six agro-ecological
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zones in the state. Approximately 80 households were interviewed in each of
the selected municípios. The participant households were randomly selected
from a list of agriculturalists maintained by the local Rural Workers Unions.
Union membership is used by farmers to prove their vocation in order to be
eligible for social security, and therefore, the lists are close to exhaustive. Data
were entered and cleaned in SPSS (IBM Corp. 2012).

The purpose of the survey was to understand agricultural vulnerability to
drought and the questionnaire was based on a livelihoods-vulnerability frame-
work. Livelihoods refer to the suite of endowments and strategies that a
household employs to meet its daily and future needs and goals. For analytical
purposes, endowments are divided into five different categories of capitals:
financial, natural, physical, social, and human (see Table 1). The questionnaire
thus queried information related to demographics, economics, as well as
production and migration data in order to understand the context and status
of each of the households. It also included questions about risk-management
practices including crop diversification, dependence on climate-sensitive
income (such as agricultural-wage labor), and diversification of income source
among others (see Table 2). In the results and discussion section, for each of
the variables used in the model, we expanded on the relationship with liveli-
hoods and food security.

A food security module was included to measure the impact of drought on
consumption at a household level. The module was based on the Household
Food Insecurity Access Scale (HFIAS) (Coates, Swindale, and Bilinsky 2007).
This scale was designed to measure food insecurity in multiple cultural
contexts and has been previously tested and calibrated for use in Brazil
(Segall Corrêa et al. 2003). The module comprises questions related to
household uncertainty of food availability, food quality, and food quantity.
For each question, respondents are asked about the occurrence of a response
(e.g., going a day without eating) and then frequency of a variable (e.g.,
rarely, sometimes, often). Four indicators can be calculated using the HFSAS
module. For the current analysis, we calculated the indicator that measures
insufficient quality of food, which was based on affirmative responses to any
of the three food-quality-related questions (in order of increasing severity):

Table 1. Description of capitals in a livelihoods framework.
Type of
capital Examples

Financial Savings, access to credit, sources and value of income
Natural Land size and quality, water, access to other natural resources
Material Productive assets such as agricultural implements, basic infrastructure such as housing,

energy, and communications
Social Social resources such as networks, safety nets, group memberships
Human Level of education, health, family size, skills, and knowledge
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(1) In the past four weeks, were you or any household member not able to
eat the kinds of foods you preferred because of a lack of resources?

(2) In the past four weeks, did you or any household member have to eat a
limited variety of foods due to a lack of resources?

(3) In the past four weeks, did you or any household member have to eat
some foods that you really did not want to eat because of a lack of
resources to obtain other types of food?

The types of dietary changes of families that answered affirmatively to one
or more of these questions included eliminating all meat from their diet;
reducing dietary variety to beans and rice; just rice; or just cassava flour,
which is made from a locally grown tuber.

Classification algorithms

Given an unlabeled sample, a classification problem concerns determining to
which category it belongs, based on a training set of data having variables
whose category is already known. The set of variables associated with a
sample is represented as a vector. Machine learning entails the use of
mathematics, statistics, and computational methods with the goal of finding
efficient and accurate algorithms for classification.

Machine learning algorithms for classification have been successfully used
in many different applications, such as: food science (Barbosa et al. 2014a,
2014b) animal science (Aguiar et al. 2012), crime hot-spot location

Table 2. Description of features in model.

Variable description Relation to food security
Capital type or
risk strategy

Variable
type

Ability to access
needed health care

Health is correlated with ability to work and
earn income

Human Binary

Extent of land
cultivated

Correlated with volume of agricultural
production

Natural Continuous

Quality of soils Quality of soil relates to the ability to avoid
drought losses

Natural Categorical

Asset index Wealth indicator for household Material Continuous
Quality of irrigation
source

Robustness of irrigation sources relates to
ability to avoid drought losses

Material Categorical

Per capita income Correlated with the ability to purchase food Financial Continuous
Savings account Wealth indicator and provides consumption

buffer
Financial Binary

Value of climate
sensitive income

Correlates with drought sensitivity of
household income

Financial Continuous

Receive government
cash transfers

Indicates a nonclimate sensitive source of
household income

Financial Binary

Crop diversity Higher crop diversity spreads production risk Risk
management

Continuous
(1–5)

County Captures political and other structural
differences where individuals reside

NA Categorical
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prediction (Kianmehr and Alhajj 2008), pipeline defect prediction (Isa and
Rajkumar 2009), seismic assessment of bridge diagnostic (Cheng, Wu, and Syu
2014), and the detection and location of leaks in water pipe networks
(Mashford et al. 2012), to name a few. The learning steps of our classification
problem start with an existing collection of labeled examples from which we
divide the data into a training set and a test set. We use k-fold cross-validation
for model selection and for performance evaluation. In our problem, the
original set is partitioned into k equal-size subsets. In k subsets, one subset is
set apart for testing, and the others, consisting of k−1 sets, are used for
training. This process is repeated k times, with each one of the k subsets
being used exactly one time as the test (Witten, Frank, and Hall 2011). In our
problem, we used 10-fold cross-validation (Figure 1). After applying the
classification algorithm and analyzing its accuracy using all original given
features, we applied the same methods to a reduced number of selected
features. This reduced number of features was obtained by a feature selection
algorithm. The accuracy and computational complexity of the algorithm can
be influenced by the total number of variables in a problem. By using a
variable selection algorithm, we presuppose that a dataset might have variables
that do not provide additional information beyond the selected features. Here,
in our study, we used the correlation feature selection (CFS) subset algorithm
(Hall 1998).

...

...

...

...

K = # of examples

K - 1

K - 2

K - 3

K - 1

...

Trial 1

Trial 2

Trial 3

Trial K

Training Test

Figure 1. K-fold cross validation.
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The present study employed the well-known Support Vector Machine
classification algorithm. The Weka (Waikato Environment for Knowledge
Analysis) software was used to perform the algorithm. Weka, which is
available free under the GNU General Public License, contains a collection
of visualization tools and algorithms for data analysis and classification
(Witten, Frank, and Hall 2011).

Here, we provide an intuitive explanation of the algorithms. A more
in-depth discussion can be found in Hamel (2011).

Support vector machines

Support Vector Machines (SVM) was introduced by Vapnik in 1963, and
it is one of the most used classification algorithms. SVM is based on a
method that finds a special type of linear model called the maximum-
margin hyperplane. To picture a maximum-margin hyperplane, consider
a two-class dataset whose classes are linearly separable, meaning that a
hyperplane in the input space classifies all training instances correctly.
Another way to define the maximum-margin hyperplane is that it is the
one that gives the greatest separation between the classes. The instances
that are closest to the maximum-margin hyperplane are called support
vectors. Each class has at least one support vector, and often there are
more. What is critical is that the set of support vectors singularly defines
the maximum-margin hyperplane for the learning problem (Witten,
Frank, and Hall 2011).

The classifier should choose a hyperplane that minimizes errors when
classifying new samples. Decision boundaries with greater margins tend to
generate fewer errors than those with smaller margins (Tan, Steinbach, and
Kumar 2006). That is, a linear SVM is a classifier that looks for the hyper-
plane with the widest margin.

In our binary classification problem, each sample can be represented by
one n-tuple (xi, yi), i = 1, . . ., N, in which (xi1, xi2, . . . xid)

t corresponds to
social features obtained from the ith example and yi 2 {−1, 1} .

The decision boundary of the classifier can be written as:

w � xþ b ¼ 0;

in which w and b are parameters of the model (Tan, Steinbach, and Kumar
2006).
Thus, for a new sample z data, we can classify this example with the
following:

y ¼ 1; if w � zþ b> 0; or

y ¼ �1; if w � zþ b< 0
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The margin of the decision boundary is given by the distance of the hyper-
planes that contain the support vectors of each class. This margin is given as

d ¼ jjwjj2=2
In the training phase of SVM, the values of w and b are obtained. Then, we

should solve the following optimization problem:

minw ǁwǁ2/2

Subject yi(w . xi + b) ≥ 1, i = 1, 2, . . ., N.

In some instances, two classes within a dataset cannot be divisible on a
two-dimensional plane. When this occurs, a model that draws a decision
boundary can be used. This process is known as soft margin (Tan, Steinbach,
and Kumar 2006). In this case, slack variables (ζi) should be added to the
constraints of the optimization problem.

w: xi þ b � 1� ζ i; if yi ¼ 1

w: xi þ b � � 1þ ζ i; if yi ¼ �1

with ζi > 0,∀i.

minw ǁwǁ2/2 + c
PN

i¼1 ζ i
� �

subject to yi . (w . xi + b) ≥ 1−ζi.

When linear decision boundaries cannot be obtained, we convert the
original dataset x into a new space φ(x), so that in this new space a linear
decision boundary separates the examples. The linear decision boundary in
the newly constructed space fulfills the equation

w:φ xð Þ þ b ¼ 0

We now have to resolve the optimization problem:

minw ǁwǁ2/2

Subject to yi(w . φ(xi) + b ≥ 1, I = 1, 2, . . ., N.

After solving the optimization problem, a new sample z can be classified
using the function

f (z) = sign(w . φ(z) + b) = sign
Pm

i¼1 xi yi φðxiÞ � φðzÞ þ b
� �

.

The dot product in the transformed space can be expressed in terms of a
similar function in the original space:

k u; vð Þ ¼ φ uð Þ � φð vÞ ¼ ðu � v þ 1Þ2;
This function k, which is computed in the original space, is referred to as

the kernel function.
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Analysis criteria

In order to evaluate the models, three performance criteria were used:

(1) Accuracy = (True Positives + True Negatives)/(True Positives+ True
Negatives + False Positives + False Negatives)

(2) Recall(Sensitivity) = True Positives/(True Positives + False Negatives)
(3) Specificity = True Negatives/(True Negatives + False Positives)

Such that, true positive means X forecasted to belong to class C and is in
fact in it; false positive means X forecasted to belong to C but is not actually
in it; true negative means X not forecasted to belong to C and is not in fact in
it; false negative X not forecasted to belong to C but is in fact in it.

Results and discussion

A number of simulations were run with different subsets of the original
variables to achieve the highest possible level of accuracy in classifying food
insecure households. Results for the original and final model are presented in
Tables 3–5. The final 11 features were obtained through a feature selection
algorithm and define a model with significant improvement in relation to the
accuracy levels derived from the 75 original features (Table 3). The final
model demonstrates 77% accuracy and a recall precision of 84%. In the
current application, in which the objective is to identify food insecure house-
holds, the recall precision is the most relevant outcome. Policy makers, for
example, are most interested in targeting the food insecure. In this case, the
model demonstrates a 16% “leakage” in which food secure households are
incorrectly identified as food secure.

The key features identified through the SVM are consistent with the
expectations that emerge from a livelihoods framework. All of the capitals,
with the exception of social capital, are relevant and included in the
classification of food insecure households. Financial capital represents
the highest number of features in the model. Per capita income is an
indicator of the ability of a household to purchase required food, and the
existence of savings provides a buffer against household income shocks.
The value of climate-sensitive income represents the exposure of house-
hold income to drought events. The variable represents the value of
agricultural-wage labor for a household. In the event of a drought, the
availability of this type of labor disappears, and thus, households with high
values of climate-sensitive income are particularly vulnerable to drought
events. Household income from cash transfers refers to either social
security or to the federal poverty reduction program. The monetary
value of social security is higher than the poverty reduction payments
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but both provide stable, climate-neutral sources of income that are reliable
even during drought events.

The asset index was developed based on an inventory of household con-
sumer and productive assets. A pairwise comparison was made between each
asset to identify which asset represents greater wealth, and a relative weight
was derived for each type of asset. The index was calculated for each house-
hold using the weights along with the presence or absence of each asset in the
household. Households with a higher asset index demonstrate greater pur-
chasing power, but a higher index value also suggests that households are
more food secure over long time periods. Drought shocks reduce available
cash for asset purchase and households often respond to severe shocks
through the sale of assets. Irrigation serves as a critical drought buffer and
reduces agricultural production losses during drought. The variable captures
differences in the robustness of irrigation sources. Households are classified
as having irrigation, less dependable irrigation—which includes access to
shallow reservoirs that dry up during severe droughts—and dependable
irrigation, which refers to deep wells.

Two types of natural capital are included in the final model. Quality
of soils is a self-reported value that represents the ability of soils to
retain moisture. Farmers were asked whether their fields are able to
produce well, moderately, or not at all in the event of a drought. This
is a rough proxy that provides information on relative agricultural yields
(kg/ha) of individuals in the sample. Extent of land cultivated refers to
the size (ha) of the holdings that are planted by each household, based
on the consideration that all things being equal, households that plant a
larger area have a larger harvest. Both of these variables provide infor-
mation on the level of drought risk that is experienced by a household.
Related to this is a measure of risk management that is captured in the
crop diversity indicator. Each crop has a particular demand for water
and a tolerance for variation in rainfall volume and timing. Thus,
through crop diversification a farmer mitigates against the chance of
complete production failure by planting crops with a variety of water
demands and tolerances. The indicator is the sum of the number of
different types of crops for a household. These include basic subsistence
crops (corn and beans), other subsistence, horticulture, orchards, and
other cash crops such as cotton.

Several human capital indicators were used in the original model, includ-
ing education levels and dependency ratios (ratio of workers to nonworkers
in a household). In the final model, however, the only relevant indicator is
whether a household has access to health care. Health care is critical for
maintaining livelihoods. When a working household member becomes ill,
household income suffers either because of reduced hours or wages or due to
the inability to work at all.
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Although the results are consistent with a livelihoods approach to food
security, there is one aspect of the findings that deserves particular attention:
the climate and drought vulnerability literature increasingly focus on the
relationship between poverty and vulnerability, which is proxied here with a
food insecurity indicator. Although there is recognition that poverty is not
synonymous with vulnerability to food insecurity, the relationship is not well
understood (Eriksen and O’Brien 2007; Patt 2012). The results for this cross-
sectional study confirm the role of financial capitals in assuring food security,
but they also underscore that agricultural related features continue to be
critical determinants. In terms of food security policy, they suggest that
poverty reduction efforts are necessary but insufficient to reduce drought
vulnerability and increase food security in the region.

Conclusions

The objective of this research was to evaluate the application of SVM algo-
rithm to classify the food security of agricultural households. The model
provided accuracy of 77% and a recall of 84% (Tables 3, 4, and 5). The features
identified by the model are consistent with the theoretical framework for
understanding food insecurity, which suggests that the SVM is an appropriate
approach to utilize toward understanding the complexity of household-level

Table 4. Classification using the 14 most important attributes: Municipio, F_1, F_3, F_6, H_1,
N_1, N_2, N_4, N_7, M_2, LS_2C, AS_2, AS_3, R_1.

Confusion matrix Accuracy Recall

prediction 75% 80%

SVM −1 1
Actual −1 141 63

1 54 217

Table 5. Classification using the 11 most important attributes: Municipio, F_1, F_3, F_6, H_1,
N_2, N_4, M_2, AS_2, AS_3, R_1.

Confusion matrix Accuracy Recall

prediction 77% 84%

SVM −1 1
Actual −1 137 67

1 43 228

Table 3. Classification method using the 75 attributes.
Confusion matrix Accuracy Recall

prediction 73% 79%

SVM −1 1
Actual −1 131 73

1 55 216
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food insecurity. The type of information provided by SVM can contribute to
the development of policies that consider the livelihoods of a population and
are sensitive to local context.

Currently, SVM and other data mining techniques are underutilized in
applications that make use of household livelihood data. There is an increas-
ing availability of large datasets, some of which capture time series, which are
collected to answer food security and other livelihoods and development
questions. The use of data mining techniques makes it possible to gain new
insights into the understanding of the nuances of food insecurity and other
critical social questions. The increased use of these techniques, with ques-
tionnaires and other data collection instruments developed specifically for
them, will provide refined models with higher accuracy and recall.
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