— Taylor & Francis
Interastional Janrasl of | o Taylor &Francis Group

FOOD' PROPERTIES | e

= International Journal of Food Properties

ISSN: (Print) (Online) Journal homepage: https://www.tandfonline.com/loi/|jfp20

Food security and agricultural challenges in West-
African rural communities: a machine learning
analysis

Jaehyun Ahn, Gary Briers, Mathew Baker, Edwin Price, Dagbegnon Clement
Sohoulande Djebou, Robert Strong, Manuel Pifia & Shahriar Kibriya

To cite this article: Jaehyun Ahn, Gary Briers, Mathew Baker, Edwin Price, Dagbegnon Clement
Sohoulande Djebou, Robert Strong, Manuel Pifa & Shahriar Kibriya (2022) Food security

and agricultural challenges in West-African rural communities: a machine learning analysis,
International Journal of Food Properties, 25:1, 827-844, DOI: 10.1080/10942912.2022.2066124

To link to this article: https://doi.org/10.1080/10942912.2022.2066124

8 © 2022 Jaehyun Ahn, Gary Briers, Mathew
Baker, Edwin Price, Dagbegnon Clement
Sohoulande Djebou, Robert Strong, Manuel
Pifia and Shahriar Kibriya. Published
with license by Taylor & Francis Group,
LLC.Published with license by Taylor &
Francis Group, LLC.© 2022 Jaehyun Ahn,
Gary Briers, Mathew Baker, Edwin Price,
Dagbegnon Clement Sohoulande Djebou,
Robert Strong, Manuel Pifia and Shahriar
Kibriya

ﬁ Published online: 17 Apr 2022.

\]
[:J/ Submit your article to this journal &

||I| Article views: 1286

A
& View related articles &'

View Crossmark data &'

CrossMark

Full Terms & Conditions of access and use can be found at
https://www.tandfonline.com/action/journallinformation?journalCode=ljfp20


https://www.tandfonline.com/action/journalInformation?journalCode=ljfp20
https://www.tandfonline.com/loi/ljfp20
https://www.tandfonline.com/action/showCitFormats?doi=10.1080/10942912.2022.2066124
https://doi.org/10.1080/10942912.2022.2066124
https://www.tandfonline.com/action/authorSubmission?journalCode=ljfp20&show=instructions
https://www.tandfonline.com/action/authorSubmission?journalCode=ljfp20&show=instructions
https://www.tandfonline.com/doi/mlt/10.1080/10942912.2022.2066124
https://www.tandfonline.com/doi/mlt/10.1080/10942912.2022.2066124
http://crossmark.crossref.org/dialog/?doi=10.1080/10942912.2022.2066124&domain=pdf&date_stamp=2022-04-17
http://crossmark.crossref.org/dialog/?doi=10.1080/10942912.2022.2066124&domain=pdf&date_stamp=2022-04-17

INTERNATIONAL JOURNAL OF FOOD PROPERTIES Tavior &F .
2022, VOL. 25, NO. 1, 827-844 aylor rancis

https:/doi.org/10.1080/10942912.2022.2066124 Taylor &Francis Group

8 OPEN ACCESS i. Checkforupdates‘

Food security and agricultural challenges in West-African rural
communities: a machine learning analysis

Jaehyun Ahn(®?, Gary Briers("?, Mathew Baker 52 Edwin Price®,
Dagbegnon Clement Sohoulande Djebou (¢, Robert Strong(®?, Manuel Pifa?,
and Shahriar Kibriya®

2Department of Agricultural Leadership, Education, and Communications, Texas A&M University, College Station, TX,
USA; "Department of Agricultural Economics, Texas A&M University, College Station, TX, USA; <CUSDA-ARSCoastal Plain
Soil, Water and Plant Research Center, Florence, SC, USA

ABSTRACT ARTICLE HISTORY
This article investigated household-level food security for Ghana, Liberia, and Received 10 January 2022
Senegal. Different agroclimatic, ecological, social, and farming conditions in Revised 06 April 2022

West Africa were represented. Using data-driven Random Forest and Chi- Accepted 09 April 2022
Square Automatic Interaction Detection (CHAID) decision tree methodology, KEYWORDS

this study classified 644 Ghanaian, 323 Liberian, and 510 Senegalese house- Food security; Machine
holds for comparison and interpretation on food security. The predictors learning; Small-scale farmers;

growing Liberian and Senegalese decision trees imply community support, West Africa
diverse selling channels outside villages, resolving the dispute over farmland,
and increasing community-level investment for food availability and access
demonstrate household food security. Predictor importance on food security
for Ghana highlighted the role of independent producers and food suppliers
toward stability. Household food security or insecurity was distinguished by
location-specific and gender-led households in Liberia and Senegal.
Practically, the results presented a need to step-up agricultural education
and extension based on an empirical field survey and its interpretations. The
results can add considerations to the role of farming households as inde-
pendent and individual suppliers and consumers to long-standing dimen-
sions of food security, i.e., food availability, access, and stability.

INTRODUCTION

Feeding 7.8 billion people in today’s world will be more challenging as the population clock ticks
toward 9.9 billion by 2050."" Currently, communities, families, and individuals face different food
insecurity challenges, complicating the increase in population. For example, one-third of under-5
children suffered malnutrition in 2018. Malnutrition encompasses undernutrition, overweight, and
hidden hunger by essential nutrient deficiencies. Malnutrition often precedes mother-to-child and
subsequent generations in poverty, isolation, and marginalization.[z]

Food security needs more interdisciplinary studies and actions. Food security is that people enjoy
sufficient, preferable, nutritious, and safe food to maintain healthy and productive lives.”! But it is
always questionable who, when, and where societies meet the standards in many social structures.*!
An empirical case different from the definition is farming households in sub-Saharan Africa. Two
recent publications complement that 33 million smallholder farms that supplied 70% of food in Africa
suffer the most from persistent poverty and food insecurity.!>® To untangle the irony, the role of plant
pathology, science, and technology to merge agricultural production needs with agribusiness strate-
gies, agricultural education, and extension.”’
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The remaining sections are structured as follows: Section 2 contains the background, reasoning,
objectives of the study, as well as an explanation on food-security classification. In Section 3, the
methodology discusses descriptive statistics and the research methods. The presentation of the results
and their interpretation follows in Section 4. Section 5 discusses this research and policy implications.

MATERIAL AND RESEARCH CONTEXT

The objective was to comprehend the interplay of factors affecting food security in selected rural
communities of West Africa. In Food Security and Production Assessment of Ghana, Senegal, and
Liberia from September 2012 to April 2013, the Center on Conflict and Development at Texas A&M
University partnered with local government agents in Ghana, Senegal, and Liberia. There was
a purposeful selection of four Ghanaian districts, five Senegalese regions, and three Liberian
counties based on different agroclimatic, ecological conditions, socio-economic status, and farming
practices (Figure 1). Then farming households who volunteered within those regions were randomly
sampled.

Survey timing determined information quality. Because survey time was near the end of the rainy
season to the beginning of the dry season, researchers could better understand how farming house-
holds coped with past food insecurity. Responses to food-security questions in the questionnaire helped
to construct and categorize 644 Ghanaian, 323 Liberian, and 510 Senegalese households (Table 1)

Mauritania

Guinea

Ivory Coast

Gambia — o Tambacounda
{ Kolda j
0 50 100Kilometers & /\/\_ﬂ_é
0 50 100Kilometers Guinea-Bisau “L/\H,\/ G
Guinea

Conflict & Development, Texas A&M University, August 2013 Conflict & Development, Texas A&M University. August 2013

Burkina Faso

Ivory Coast

1 - Ga West (Coastal Savannah)

2 - Antwima (Rainforest)

3 - Ejura (Transitional)

4 - Gambaga (Northern Savannah)

0 0100 silometes™ Aglantic Ocean

Conflict & Development Ces

Tesas AGM Us

Figure 1. Study locations of Ghana (Bottom), Liberia (Top left), and Senegal (Top right).
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Table 1. Food security categories.

Country Classification n %
Ghana Food Insecure 277 43
Food Secure 367 57
Total 644 100
Liberia Severely Food Insecure 129 40
Moderately Food Insecure 112 35
Mildly Food Secure 82 25
Total 323 100
Senegal Severely Food Insecure 167 33
Moderately Food Insecure 230 45
Mildly Food Secure 113 22
Total 510 100

Table 2. Food security construction criteria.

Dimension Understanding Question

Stability Food shortage .In the last 12 months, has your household experienced a food shortage? (Yes/No)
If so, how long? (Less than a month/One month/Two months/Three months/
Four months or longer)

. During the last 12 months, has your household relied on poor quality, less
preferred, and less variety of food? (Yes/No) If so, how many days? (Days)

Access Resources to acquire food items 1. How many days in the past seven days has your household eaten the food items

for a healthy diet listed below? (Days)
Carbohydrates- Maize, Wheat, Millet, Rice, Cassava, Other roots/tubers, Plantain
Protein- Red meat, Fish/seafood, Poultry, Wild and bushmeat, Milk/dairy, Eggs
Fats- Oil, Butter, Shea, Pulses, Beans, Nuts
Vitamins- Fruits, Vegetables Sodium- Condiments
2. Is this consumption more, less, or about the same compared to normal? (More/
Less/Same)

_

—_

Availability Quality food

based on this study’s food security criteria as household food stability, availability, and access
(Table 2). For Ghana, more than 64% of households had no food shortage in the last 12 months,
and among them, only 57% satisfied food availability and access. Those became food-secure house-
holds, and the other 43% were food-insecure.

The categorization of the other two countries differed because almost none of the households
satisfied the same food-security standard as Ghana. As a result, Liberian and Senegalese cases had three
ordinal levels of food insecurity (severely insecure, moderately insecure, and mildly secure). Severe
food insecurity refers to households that experienced a food shortage for three months or more with
scarce availability and access. Families in moderate food insecurity experienced a food shortage for
three months with difficulty procuring quality nutritious food; mild food security had food shortages
of two months or fewer.

Opverall, Ghanaian food-secure families achieved food stability, availability, and access, but others
categorized in food-insecurity and mild food security were insufficient satisfaction of one to all three
dimensions. It is noted that three Liberian and three Ghanaian families were omitted due to
incomplete food security or predictor information. Cases of each category were recorded as
observations and compared with predicted instances for misclassification. Three research questions
to further the study and lead to germane conclusion and discussion: (i) What underlying factors
influenced food security for farming households, and how can commonalities or differences be used
to aid the smallholding community in preventing food insecurity? (ii) What is the most significant
effect of farming capacities on the lives of farming households? (iii) What recommendations should
agricultural educators and extensionists take to support smallholders and subsistence-level
households?
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METHODS
Descriptive statistics

We hypothesized a direct relationship between farm costs and returns, as well as off-farm income, and
food security. Currency conversion was done to compare the countries directly. Household data were
collected. Due to the length of the survey, the currency was standardized at the exchange rate of 0.5248,
0.01361, and 0.00198 USD at the midpoint of the survey (i.e., December 14, 2012) for the Ghanaian
Cedi, Liberian Dollars, and Senegal’s West African CFA Franc respectively.’®) One USD equals 1.9
Cedis, 73.5 Liberian Dollars, and 505.1 Francs (Table 3).

Household income was a combination of crop, off-farm, and animal income. Coincidentally, the
median in Ghana (1548 USD) and the arithmetic means in Senegal (1343 USD) and Liberia (555 USD)
were comparable to their 2012 gross domestic product (GDP) per capita when converted to
2010 U.S. dollars, i.e., 1588 USD, 1318 USD, 565 USD.”! As median values differed from their
means, the income distributions’ shapes skewed to the right. Among all income categories, crop
income in Senegal had closest mean and median.

Crop income was calculated based on profit. Given the situation where farmers sold a modest
amount of harvest after household consumption for a limited time, this task was strenuous but
attainable. Rice, a staple crop in Liberia, was such a case. A concise rice cultivation cycle for upland
rice is harvested from September to mid-December, and swamp rice from mid-December to
January."®! From November to early December, the field research time frame was suitable to record
costs incurred by hand tools, fences, and traps to protect crops from animal pests, meals for farm
labor, transportation, and rental space at the market. The cost range per activity/item was almost the
same in each village. Kuu, Liberia’s intimate, small-sized, and time-honored co-operative groups,
facilitate planting and harvesting that demand more manual labor than other tasks in every cropping
season.""! No such group was in Senegal and Ghana.

Crop income constituted the preponderance of household income. Two additional categories
complemented household income: animal income and oft-farm income. Animal income was present
in Ghana and Senegal, while it was limited in Liberia. Livestock is a vital financial and productive asset.
Further clarification is that rural Senegalese families possessed approximately 10% animal, 50% crop
income, and 40% off-farm income.!"?) Marginalized households raised more livestock as protection
against crop failure."* Among mean comparisons, Senegal was a higher animal income in a limited
number of households. Also, livestock served as collateral for food purchase, migration, labor, capital
(buildings), and farm and nonfarm activities.

Table 3. Financial information.

Continuous Predictor Country Min. Median Mean SD
Household Income Ghana 2417 1547.89 1736.05 1048
Liberia 0 347.51 554.69 604
Senegal 0 1112.93 1343.23 964
Crop income Ghana 0 1024.94 1266.82 973
Liberia 0 250.29 434 523
Senegal 0 938.40 948.58 428
Off-farm income Ghana 0 204.93 340.64 487
Liberia 0 0 120.69 317
Senegal 0 0 198.59 409
Animal income Ghana 0 68.22 128.66 193
Senegal 0 6 196.07 388
Credit Ghana 0 0 60.09 158
Liberia 0 27.58 64.70 114
Senegal 0 0 138.55 297
Fertilizer Ghana 0 96.03 172.58 212
Herbicide/Insecticide Ghana 0 36.74 79.12 136
Money spent on food per month Ghana 0 119.39 115.22 65

Source: Authors’ calculations in USD based on primary data.
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Off-farm income was available for all three countries. Liberia’s off-farm income included sales of
bushmeat, charcoal, coffee, palm oil, palm wine, and sugarcane juice. Liberia’s income from coffee
and rubber trees was also included in crop income for fruits, vegetables, starchy roots, and tubers.
The zero medians of Liberia and Senegal indicated limited off-farm opportunities. Fishers, wood
collectors, blacksmiths, and farm workers were among Liberian and Senegalese households.
Comparably, Senegal had more nonfarm sector earnings from governmental and non-
governmental organization affiliations. Ghana had additional off-farm income from traders’ profit;
near high population densities farmers transported their own and neighbors’ farm produce to the
nearest market. Fifty percent of Ghanaians recorded higher off-farm income than those from the
other countries.

Climate variability has escalated farming household vulnerability in recent years. For
instance, northern Ghana experience delayed rainy seasons and drier farmland after frequent
wind.!"*! Soil degradation is inevitable, and farmers utilize manure to stabilize soil nutrients for
crop production.’™ Credit was exclusive. Informal community banks, traders, and market
women were typical independent, informal microcredit sources. Their essential role to rural
households lacking collateral is complicated by interest charges, repayment due, and responsible
household members."*8) In Senegal, although we found no such lenders, of the households
who obtained credit from neighbors, families, or relatives, less than 50% of them experienced
no interest.

Additional financial information was available and gathered for Ghana. Several Ghanaian farmers
used their resources and government vouchers/coupons for fertilizer, herbicide, or insecticide. Money
spent on food per month was the only predictor that had normal distribution, with the smallest gap
between the mean and median (115 and 119 USD), and a minimum of zero and maximum of
367 USD.

Despite scant food expenditure information for Senegal and Liberia, community support played an
important role in village-wide food aid, farmer training, and occasional village-council loans. Neighbors
bartered, shared, or bought their produce together. Community-food expenditure increased Senegalese
household food security, especially among more vulnerable communities."”) Community support was
more prevalent in Senegal than in Liberia. The ‘wealth’ or ‘output’ redistribution in community
leadership assists households whose family farms were affected by locusts, birds, and other animal
pests and mitigate community-level food security.?**!! More families received exogenous support from
farmers’ organizations, local governments, or non-governmental organizations (NGOs) which sup-
ported training workshops, selling farm produce, and food assistance in Ghana.

The selling channel indicates whether households sold harvest inside or outside the village. About
the same proportion of Ghanaians and Liberians could expand their selling channel, but the gap
between Ghana and Liberia widened regarding agricultural information access. More than 70% of
Ghanaians obtained weather, farm-product, or market information compared to 37% Liberians
(Table 4).

For Liberian households without proper irrigation, more rain in the swamp made it possible to
grow rain-fed lowland rice, giving a higher yield.**** In contrast, 41% responded that drought or
flood frustrated cultivation in Ghana. Considering the simultaneous nature of higher land productiv-
ity, two different harvest seasons between upland and lowland rice, and fragmented land tenure, it is
not coincidental that the same number experienced land conflict. We found in Ghana, fewer
experienced land conflicts against a priority of unity of fragmented land tenure in post-conflict
Liberia.[**!

An equal number of male and female farmers were targeted in Ghana and Liberia, but there were
more female farmers than male farmers targeted in Senegal, i.e., 70% female growers.”*”) We heard
from a similar proportion of female farmers in Senegal; the gender gap was similarly disproportionate
in other countries. However, strictly female-led households were merely 22% (114/510 families) in
Senegal, 26% (169/644) in Ghana, and 35% (112/323) in Liberia.
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Table 4. Binary predictor information.

No Yes Full cases
Predictor Country n % n % n %
Community support Liberia 196 61 127 39 323 100
Senegal 249 49 261 51 510 100
Exogenous assistance Ghana 287 45 357 55 644 100
Selling channel Ghana 268 42 376 58 644 100
Liberia 148 46 175 54 323 100
Senegal 401 79 109 21 510 100
Agricultural information Ghana 185 29 459 71 644 100
Liberia 204 63 119 37 323 100
Swamp Liberia 236 73 87 27 323 100
Drought/Flood Ghana 379 59 265 41 644 100
Land conflict Ghana 470 73 174 27 644 100
Liberia 242 75 81 25 323 100
Gender heads
Female Ghana 169 26
Male Ghana 475 74
Female Liberia 112 35
Male Liberia 211 65
Female Senegal 114 22
Male Senegal 396 78

Source: Authors’ survey records.

Constraints such as outside labor, family labor, animal consumption, farming hindrances, and
dependents were counted. On average, Liberia and Senegal had additional impediments compared
to Ghana. Outside and family labor is complementary to labor-intensive agriculture. Ghana and
Liberia relied on outside workers as opposed to Senegal’s family labor reliance. Many Senegalese
families raised livestock; three to four cattle, sheep, or goats were usually slaughtered to sustain
livelihoods in the last cropping season. Small children and elderly family members needed to be fed
but were unable to contribute to the household. Households in Liberia and Senegal had more
dependents than those in Ghana. Technology was counted for Ghana but categorized ordinally for
Senegal due to the innate lack of technological variety. Ghanaian farmers applied three of six
possible technologies, while most Senegalese (i.e., 86%) farmed at primary and intermediate levels
(Table 5). All predictor information was based on 644 Ghanaians, 323 Liberians, and 510.
Senegalese, almost equally divided amongst the four districts of Ghana, three counties of Liberia,
and five regions of Senegal respectively.

Table 5. Count/categorical predictor information.

Predictor Country Min. Median Mean Max
Constraints Ghana 0 2 2 9
Liberia 0 2 3 10
Senegal 0 3 3 9
Outside labor Ghana 0 12 15 100
Kuu Senegal 0 0 2 100
Liberia 0 8 14 60
Family labor Ghana 1 3 4 24
Liberia 1 2 3 15
Senegal 0 5 7 40
Animal consumption (the number of cattle, sheep, or goat  Senegal 0 3 4 34
slaughtered for family nutrition)
Dependents Ghana 0 3 3 13
Liberia 0 4 5 17
Senegal 0 4 5 69
Technology
Count Ghana 1 3 3 6
Ordinal category Senegal 0 =Basic 1= Intermediate 2 =High 3 = Advanced
(208) (231) (59) (12)

Note: Frequencies in the ordinal category are shown in parentheses.
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Data analysis

Machine learning-based analysis is relatively new but has a vast potential for food security researchers.
For example, a study applied six machine learning models for 756 Pakistani households for their food
security classifications. The random forest algorithm showed the most accurate predictability among
six model comparisons with hidden and heterogenous predictors/factors. The approach was to derive
better decisions from human-machine learning interactions.*®!

Similarly, in this study, STATISTICA Data Miner (Version 13.5) ran two decision tree algorithms
instead of a single model: Exhaustive Chi-squared Automatic Interaction Detectors (CHAID) and
a random forest. The emphasis was to explore complex data with many possible predictors to food
security. Categorizing predictor choice by relevance and importance to the target and tolerance of
skewed data were reasons to use these methods.””’

The inter-country differences and ordinal target categories (i.e., severe/moderate/mild) for
Liberia and Senegal and the binary target (i.e., insecure/secure) for Ghana formed individual
trees. But later, the data were combined for a holistic conclusion and implication. Exhaustive
CHAID and random forest have different classification algorithms. In CHAID, dividing continuous
predictors into multiple categories from as equal observations as possible was the first step. Then
exhaustively, a cycle of merging-predicting continues until a chi-squared test (y*) identifies the least
statistical significance of a group of predictors (the final pair of categories for each predictor) X to
the target variable Y. Suppose I and ] denotes respective X and Y categories, then the unadjusted test
statistic and p-value are:

I J._ ’3\1:‘;‘
IS=2 Z m;iln g
=1 L

i=1 j

p — value = Prob.(y; > H?)

There are two expected cell counts /i and . The former informs the null hypothesis of
independence, and the latter represents row-effects. The algorithm then splits predictors to
choose the one most statistically significant. The Bonferroni multiplier B makes the unadjusted
p-value adjusted.

1

;U Ordinalvariables

B= &2_1) Nominalvariables

1(12;1) Ordinal(withamissingcategory)

Until the adjusted p-value remains smaller than the alpha-to-split value, splitting continues. Once
larger, splitting stops, and the relating node becomes final.?®! V-fold cross-validation helps evaluate
the accuracy of predicted classification. This breaks all training data samples in ten groups equally,
then randomly and repeatedly calculates the average misclassification rate and standard error in a total
of nine of the 10 folds as every round excludes the final fold.

CHAID algorithm entails conceivable overfitting risk by single tree construction, which shows
accurate classification on the training data but high misclassification on test data or new information.
Random Forests could minimize overfitting.'*”’ Random Forest algorithm draws a separate random
subsample from training data with replacement (i.e., bootstrapping) for an out-of-bag (OOB) error
rate, confusion matrix, and variable importance then builds the many single decision trees randomly
(i.e., ntree) from test data, combines all the predictor information (i.e., ensemble), and selects the most
voted classification.*"! Employing tree ensembles improves predicted classification accuracy, as every
tree is an independent predictor. Misclassification rate was determined by the OOB error computed on
the training data and test error as 150 trees built in a forest. Of the entire data, 50% was designated for
training and 30% for random testing.
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Table 6. Gains and ROC chart construction.

Gains ROC
—axi TPcounts TPcounts
Y-axis TPcoun-+FNcounts TPcounts—+FNcounts
X-axis TPcounts+FPcounts FPcounts
allobservationcounts TNcounts+-FPcounts

The algorithm randomly chooses m predictor variables among M variables for every node and seeks
the maximum possible split on those chosen variables. Predicted accuracy depends on class-based
error rate. Given ntree and m variables, a margin function calculates the average vote for the correct
class that surpasses the other. This measure makes predictions more accurate.

Gains curves present the accumulated votes. The vertical y-axis shows the percentage of ‘Yes’ true-
positive (TP) counts, divided by true-positive but false-negative counts. This displays the accumulated
probability of right ‘Yes’ classification from observations and predictions (TP) out of TP plus Yes’
misclassification originated from predictions (false-negative or type 2 error, FN). On the horizontal
x-axis, the proportion is the number of TP, and ‘Yes’ misclassification emerge from observations
(false-positive or type 1 error, FP), divided by all observation counts. Later, together with a confusion
matrix for the overall classifier performance, clearer and more straightforward interpretations are
possible.

Often, gains curves substitute receiver operating characteristic (ROC) curves. Both look visually
alike as the y-axis shares the same information. Horizontally on the x-axis, however, gains charts add
TP counts on the numerator to FP counts. Still, on the x-axis, ROC curves take only TN and FP on the
denominator compared to gains charts that take all observation counts. The fundamental difference
between the two curves is that a gains curve displays based on Yes/food-secure cases. Table 6 displays
different and similar elements to form gains and ROC curves.

Predictor variable importance gives relative importance of variables to the target. The algorithm
first adds all tree nodes then records ranks and importance statistics according to decrease in node
impurity (i.e., delta) to the most crucial variable or earned the largest sum. Here the algorithm counts
and scales every tree as equal, and the variable which reaches a value of 1 is most significant to the
target. Values lower than one follow. The delta relative to split (s) of a parent node t is:

D;(s,t) = i(t) — pR - i(tR) — pL - i(tL)

The parent Gini impurity is subject to subtraction of a proportion to the right child node and the
impurity on the right hand and another proportion on the left child node multiplied by the impurity
on the left.l*!)

RESULTS

As a result, there were two decision trees, two classification matrixes for Liberia and Senegal, and
a random forest graph and summary, a gains chart, and a classification matrix for Ghana. Overall, the
random forest showed the highest precision. Liberia’s tree comprises 23 child nodes. ‘Box” was the
name of each node shown in each STATISTICA result (Figure 2). Six child nodes are on the right; 17
nodes shape a long-left tail. The more severely food-insecure households in the red bar on the left
corresponded to additional predictors. Every division took different modes, i.e., the most frequent
causes of a node.

Community support was the leading factor to split the root node; the closer the predictor is to the
parent node, the more important it is for classification. A total of 196 households which reported no
community support comprise Box 2. Within that, 125 were classified as severely food insecure, 55 were
moderately food insecure, and 16 were mildly food secure.

Continuing on the left, those 196 families with no community support responded to selling
channels. Box 2 divides into Box 4 and Box 5. Following Box 5, its 69 households constitute more
moderately food-insecure households which sold harvest outside their villages. Among them, 27 were
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Figure 2. Decision tree graph for Liberia. Star in red, green, or blue atop of a bar signals each node’s major food-insecure group. Red
boxes indicate end nodes.

female-led (Box 13), and 42 were male-led (Box 14). Box 13 includes more mild food-secure female-
led households, 12 cases, than moderate 11 cases and severe, 4 cases. In Box 14, most male-led
households were moderate with 24 cases, severe with 17 cases and mild with 1 case. For male-led
households, the number of Kuu, the system of Liberian outside labor, further splits. Households with
more than 25 laborers in Box 16 have only two instances (one moderate; one mild). Less than or equal
to 25 laborers, Box 15, has 40 male-led families ending that node.

Back to Box 4: out of the 196 no community-supported instances, 127 families answered no harvest
was sold outside their villages. It was split further by five additional predictors. No apparent mode
change was observed on the left tail because of 104 severe cases, 20 moderate cases, and three mild
cases. The predictor Swamp which shows which households grow rain-fed lowland rice contains 15
households: seven severe, seven moderate, and one mild. The other 112 households respond to
another predictor: Agricultural Information.

A total of 20 households accessed agricultural information (Box 18): 12 severe, seven moderate, and
one mild. The other 92 families without information access in Box 17 reported the amount of off-farm
income. Only one household, which was moderately food insecure, earned over 330 USD in Box 20.
Those 91 households which earned less than or equal to 330 USD comprise Box 19. In the selected
regions of Liberia, land conflict appeared on rare occasions as only seven of 91 experienced land
conflict. Of the other 84 families, 69 were in Grand Bassa and Nimba in Box 23; 15 were in Lofa
County in Box 24.

The community-supported 127 families were about 40% of the total households surveyed in
Liberia. On the right side, the number of Kuu, outside farm laborers, who worked for the last crop
season was a predictor. The predictor leafed three child nodes: Boxes 6, 7, and 8. Box 6 includes those
who had less than or equal to 12 outside farm laborers with a majority of 32 moderate instances. The
more Kuu members there were, the more households were mild. Less than or equal to 25 laborers in
Box 7 had 22 mild cases of the total 41. In Box 8, 40 of 48 families, 83%, were mild.
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Box 8 bifurcates two end nodes with Boxes 9 and 10 predictor Selling Channel. On the right in
Box 9, 39 households were mild with four moderate as they could diversify selling channels inside and
outside their villages. On the left in Box 10, only four moderate and one mild household sold harvest
inside their villages.

Figure 3, the three-dimensional graph with original classification on the x-axis, prediction on
the y-axis, and cases on the z-axis, shows how predicted classification was accurate to observa-
tions. Diagonally, each bar in red, green, and blue displays the matched cases (104 severely
insecure; 61 moderates; 73 mild) with 73.7% predicted accuracy. The misclassification rate was
26.3%. The 85 mismatches comprise 19 observed severe and predicted moderate, six observed
severe and predicted mild, 19 observed moderate and predicted severe, 32 observed moderate
and predicted mild, three observed mild and predicted severe, and six observed mild and
predicted moderate. We observed a risk estimate of v-fold cross-validation of 31.6% and
a 26% misclassification rate of the original/training data despite almost the same 0.02 standard
error.

Figure 4 presents the decision tree for Senegal, which tails longer in the middle. This Senegal tree
comprises 25 nodes, and community support was the first, and most important, predictor from parent
node. The predictor cleaves the 510 food-insecure households (167 severe, 230 moderate, 113 mild
cases) into not community supported, 249, on the left in Box 2 and community supported, 261, on the
right in Box 3. Box 2 takes 148 severe cases, 89 moderate, and 12 mild households. Box 3 contains 19
severe cases, 141 moderate cases, and 101 mild cases.

The grass-fed/grain-fed livestock predictor makes the next two nodes. Less than or equal to one
animal slaughtered for household nutrition in Box 4 comprises 118 cases of which 106 were severe; 12
were moderate, and zero were mild. More than one animal slaughtered for household nutrition
constituted a major change with 77 moderately food-insecure households, 42 severe, and 12 mild in
Box 5. For the 261 community-supported on the right side, Box 6 divides into less than or equal to four

Q)

Figure 3. Classification matrix for Liberia.
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Figure 4. Decision tree graph for Senegal.

animals slaughtered and Box 7 into more than four animals slaughtered. In Box 6, there were 116
moderate, 18 severe, and 11 mild households. In Box 7, of the 116 families one was severe, 25 were
moderate, and 90 were mild.

The third row establishes three financial predictors: crop income, credit, and off-farm income. On
the far-left, for Box 4 the split condition was 693 USD. As the median and mean for crop income in
Senegal was about 940 USD (Table 2) split condition was diminutive. Less than or equal to 693 USD in
Box 16 encompasses 87 households of which 62 were female-led households, and 25 were male-led
households (Box 26). Except two male-led moderately food-insecure households, all others were
severely food insecure. In Box 17 there were more households, but 21 were severe while ten were
moderate.

For the 131 cases in Box 5, credit amount precedes crop and off-farm income to form
Boxes 18 and 19. For households with over 80 USD in credit, there were seven cases of both
moderately food-insecure and mildly food-secure households and three severely food-insecure
households. Due to the large gap between the zero median and the 139 USD average for
credit in Senegal, 80 USD was reasonable to divide a group of credited and non-credited
households (Table 3). Less than or equal to 80 USD includes 70 moderate cases, 39 severe,
and five mild. Those total 114 cases in Box 18 respond to crop income, off-farm income, and
gender.

None of the predictors’ modes were mild; most were moderately food insecure. Without sufficient
credit, having crop income over 1137 USD was unlikely as in Box 21 only 3 cases were in moderate and
mild each. The 108 households that make less than 1137 USD respond to the off-farm income
predictor. Most of the households in Box 23 that make more than 200 USD were moderately food
insecure. Eighty-two of the households, Box 22, that make less than or equal to 200 USD were
separated further by gender. In Box 25, the majority of male-led households were moderately food
insecure. The mode changes to severely food insecure in Box 24 which contains female-led
households.
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Boxes 6 and 7, whose split condition was four animals, the predictors crop income and off-farm
income respectively split the nodes. As they received community support, the higher income, 1033
USD, was higher than for those in Box 4. For the 54 households making less than or equal to 1033
USD, they were split further by gender. The female-led households, 12, tended to be severely food
insecure, while the male-led households were typically moderately food insecure.

When oft-farm income was more than 200 USD, nearly all households were mildly food
secure. For those with off-farm income less than or equal to 200 USD, most were mildly food
secure, but it further splits by selling channel. Despite less oft-farm income, households with
selling channels outside villages were more likely to be mildly food secure rather than those
without outside selling channels, of which the majority of the households were moderately food
insecure. Figure 5 presents another three-dimensional classification for Senegal, classified more
precisely than Liberia’s, with a 20% misclassification rate for train data and a 25% v-fold cross-
validation risk. The correct matches between observation and predictions were 127 severe, 202
moderate, and 77 mild cases. Mismatches occurred in 40 observed severe-predicted moderate; 22
observed moderate-predicted severe; 6 observed moderate-predicted mild; 36 observed mild-
predicted moderate instances.

Ghana’s random forest result is shown in Figures 6-9 and Table 7. Figure 6 is ensemble trees from
the test data to represent the overall data structure. The graph begins with 222 cases, of which 89 were
food-insecure, and 133 were food-secure instances. This 40-60 split was comparable to the original
data’s 43-57 division.

The original node splits based on access to agricultural information. The group that did not access
splits into five end nodes whose households were mostly food insecure. Of the total 38 cases in Box 3,
33 cases were food insecure. These cases had both no agricultural information and limited selling
channels. The seven food-insecure cases in Box 24 diversified selling channels but no agricultural
information access and less money spent on food items for family nutrition.

Figure 5. Decision tree classification matrix for Senegal.
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Table 7. Variable importance to food security in Ghana.
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Off-farm income (USD) 7 0.481
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Figure 6. Random forest graph for Ghana.
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Despite access to agricultural information (Box 2), residence in the Northern region and limited
financial resources on food items produced 25 food-insecure cases of the total 32 in Box 20. For the
other districts (i.e., Ejura, Ga West, Atwima), the existential threat of drought or flood precipitated
food insecurity. Of 45 households affected by drought or flood (Box 7), ten food-insecure cases had
insufficient labor power (i.e., equal or fewer than nine laborers) to restore food production. Even
though 32 cases had over nine laborers, low income predicted food insecurity in Box 16 with the
majority of those making less than or equal to 791.92 USD labeled food insecure.
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Opposite cases were observable. Box 11 consists of 28 food-secure cases that accessed agricultural
information that experienced no drought or flood, worked with more than seven laborers, and spent
over 157.29 USD on herbicide/insecticide. For cases that spent equal to or less than 157.29 USD
(Box 10), 21 instances were classified as food secure because they had more than three family laborers
(Box 13).

The summary of random forest (Figure 7) displays information on overall misclassification rate,
significant discrepancies between test and OOB data, or possible overfitting issues. The largest
misclassification gap was between the 14™ and 18" tree data. Especially for the 18", the misclassifica-
tion error of test data increased to 13%, while OOB data remained at 8%. But then test data began to
stabilize its misclassification. Once, between the 87th and 92nd trees, both misclassification rates cross
at 9%. Overall, both garnered approximately 9% misclassification risk and 0.01 standard error.

Figure 8, the classification matrix, shows 80 and 110 correctly classified cases for food insecure
(True Negative) and food secure (True Positive) respectively. However, there were nine false positive
and 12 false negative cases. Figure 9 was a cumulative gains chart targeting food-secure cases. The 45-
degree baseline represents random observations with undetermined selection criteria — the y-axis
showing the targeted proportion against the x-axis baseline. For the first 10% baseline, we observed
18% positive cases. The growth rate of the y-axis was quicker than the x-axis baseline. At 50% baseline,
84% of the total cases were food secure. After that, the target proportion rate turns sluggish; the other
16% target was on the other 50% baseline. Figures 7-9 coherently and proportionately captured more
Ghanaian food-secure households, indicating a reasonable, accurate classification.

Variable importance from Ghana’s OOB data in Table 7 was critical. The most important being the
top eight ranks. Financial information on crop income, fertilizer, and herbicide/insecticide, directly
related to food production, acquired the 1st, 2nd, and 4th positions, respectively. The money spent on
food from markets for balanced household nutrition ranked the 3™ variable importance. Constraints,
outside labor, and technology as count variables ranked 5™, 6™, and 7, respectively. The high-ranked
predictors were all related to commercial farming.

The least significant variables were also worth observing. Credit and gender heads were crucial
predictors in Senegal’s decision tree, but they were the 16™ and 18™ of 19 variables for Ghana. While
land conflict rests at 19™ for Ghana or the least significant among all predictors, it was substantial for

0.17

0.16

0.15

0.14

0.13

0.12

0.11 —— Test Error

—— OOB Error

Misclassification Ratc

0.10

0.09

0.08

0.07

0.06

20 40 60 80 100 120 140
Number of Trees

Figure 7. Summary of random forest for Ghana.
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Figure 8. Classification matrix for Ghana.
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Liberia. Despite households having different forms and amounts of internal and external laborers,
exogenous assistance was the least essential predictor. Also, Liberia’s trees identified the selling
channel as a critical predictor, followed by Ghana and Senegal.

DISCUSSION AND IMPLICATIONS

This research has multiple implications. The first was our method selection and results. Our methods
structured distinctive trees to show food insecurity/security levels under various social, farming, and
environmental conditions. Due to country variability apparent after the in-field survey, different
approaches were best suited to exploring food insecurity and security levels rather than a one-size-
fits-all approach. Consequently, more predictors classify severely food-insecure households for Liberia
and more moderately food-insecure households for Senegal. Split conditions and criteria were reason-
able to means, medians, or frequencies, and likewise, reduced misclassification risks consistently from
Liberia, Senegal, and Ghana.

Second, dynamic process was highlighted. With more households severely and moderately food
insecure, two decision tree algorithms chose community support as a priority. Ghana’s random forest
presented more predictors indicating farming households were independent producers. In post-
conflict Liberia, survival on subsistence agriculture was a prominent concern. Farmers should sell
and purchase goods to improve household food security, and more assistance with agricultural
education and extension should assist them in balancing supply and demand.

Farming is uncertain and unexpected. No farmer can predict the exact amount of harvest, and
happenstance is God’s Will, quoting Liberian respondents. Agricultural educators and extensionists
should assist farmers in mitigating the ex-post impact ex-ante. Bringing more agricultural informa-
tion, knowledge, and techniques to each village and introduce additional oft-farm activities closely
related to agriculture rather than staple crop production to farming households near the most food-
insecure months. Over time, stakeholders should settle mechanisms to prevent land conflict while
developing land with communities.

In Senegal, more active community roles are needed for women. We observed female-led families
harvest less for consumption and income in the field, data, and decision tree. Tailored education and
extension to find ways out of subordinate roles in agriculture could increase food security. Credit
from family members toward farming and household nutrition was only available for select, and
typically, male-led households. We need to seek possibilities for communities to support each other
financially so that both male and-female-led households increase farm capacities and alleviate food
insecurity.

Ghana showed a balance of food supply and demand in regard to food security. Despite lower
predictor importance than others, the need for family labor is emphasized. Finally, future food
production and food security research is needed. Decision tree classifiers or predictions are
understudied in food security still, and we hope for more evidence from more cases in extended
periods.
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