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Abstract

This study aimed to develop a comprehensive typology of Sudanese sorghum-farming households
within their food security status to inform targeted agricultural policy and rural development
strategies. Using survey data from 392 households across 11 Sudanese states, the research captures
the structural, socio-economic, and geographical diversity of farming systems and scrutinizes the
relationship between socioeconomic characteristics of farmer households and related probability of
constituting a specific farmer type. To assert this, Principal Component Analysis (PCA), hierarchical
clustering, and Multinomial logistic regression analysis were applied. Through PCA and hierarchical
clustering, three types of farmers were identified: The first type (Vulnerable Farmers), characterized
by low education levels, small landholdings, high food insecurity, and reliance on subsistence
farming; The second type (Well-off Remote farmers), operating larger landholdings meant for
commercial purposes, yet facing challenges related to geographic isolation and limited market access;
The third type (Educated Farmers with access to urban areas), consisting of households with higher
education, diversified income sources, and proximity to markets, though still experiencing persistent
food insecurity. Multinomial logistic regression analysis confirmed that household size, age,
education, land size, market distance, and income structure are significant predictors of respective
types of farmers. Thus, the study stands as a tool to enlighten intended/future policies, in providing
input support and credit for vulnerable farmers, infrastructure and market access for remote
commercial farmers, and land tenure security with innovative-geared incentives for farmers
interacting with urban areas to foster inclusive, adaptive agricultural policies, and sustainable
development across Sudan’s diverse farming communities.

Keywords: sorghum; farm typology; multivariate analysis; food security; socioeconomic
characteristics

1. Introduction

Sorghum is the world’s fifth most important cereal crop grown — mostly in Central America,
South Asia, and Africa where we find a quarter of world's sorghum production [1,2] and where it is
used for food, fodder, and beverages. Sorghum is also widely grown across Sub-Saharan’s semi-arid
regions, particularly the Sahel. In Africa, its cultivation spans from the West (Nigeria, Senegal, and
Niger) to the broader East (Ethiopia and Somalia), as well as in the southern region (Zimbabwe).
Besides the latter, Sudan is one of the most important countries producing sorghum in the world,
ranking fifth (after China, India, USA, Nigeria, and Ethiopia) and topping the list of countries with
the highest per capita in term of sorghum grain’s human consumption [3,4]. Sorghum is produced
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along the three sub-sectors in Sudan, namely, the irrigated, mechanized, and traditional rain-fed
subsectors. The traditional rain-fed sub-sector is mainly found in Kordofan, Darfur, plus a large area
in the Central States [5,6]. Moreover, the extent of its potential merits happened to differ, based on
farmers’ socioeconomic diversity and locations as crucial determinants by way of boosting output,
improving food security, as well as enhancing income, agriculture, and rural development [5,7,8]. In
this vein, farmers are exposed to a range of both opportunities and constraints that deeply influence
their prospects in terms of practice, performance, and progress. It's worth noting that the said
constraints and advantages are neither uniformly distributed nor identical among farmers, given that
each category of farmers has specific resources, capabilities, and strategies [9].

In this context, a major issue arises when designing public policies with potential to generate
sustainable change in agricultural systems. Numerous studies have shown that interventions’
efficiency largely depends on their ability to draw on detailed knowledge of farmer profiles, their
constraints, and adaptation trajectories [8,10]. Conversely, the failure to consider this diversity has
often led to the failure of agricultural policies due to their uniform and decontextualized nature [11].
Drawing up farmer typologies thus appears as an essential cornerstone for a thorough analytical
approach towards understanding the complexity of agricultural systems and more effectively
guiding intended interventions. By grouping sorghum farmers based on their characteristics,
typology provides a framework for understanding the differentiated behaviors and farmers’ status
in the face of constraints and opportunities that arise. It constitutes a solid empirical basis for
designing targeted policies adapted to their agricultural systems’ diversity. Therefore, integrating the
typological approach into development strategies enables decision-makers to better capture and
value the farmers’” diversity, which stands as an essential condition for the sustainable and inclusive
transformation of the agricultural sector.

Worldwide, research dedicated to the farming systems’ typology attempted to address this
challenge by proposing classifications that allow to group farms based on their structural, functional,
and socio-economic characteristics [12-15]. However, related works exhibit notable divergences: the
grouping objectives vary according to studies, the classification methods difference (PCA, mixed
factorial analysis, participatory approach, etc.), and the choice of variables remains highly context
dependent. Moreover, typologies evolve over time, reflecting the dynamics of the farming systems
per sector. These divergences explain why the construction of agricultural typologies continues to
fuel scientific and methodological debate. The literature on farm typologies reveals a plurality of
factors explaining the differentiation between farmers or agricultural holdings (Priegnitz et al.,
2019a). Identified through empirical analyses conducted in various contexts, these factors can be
divided into seven main categories: farms’ structural characteristics, economic and productive
factors, households sociodemographic characteristics, conditions of access to agricultural resources
and services, spatial and environmental characteristics, agricultural strategies and behaviors, as well
as constraints and vulnerabilities [12].

Recent conflicts in Sudan have disrupted farming activities, lowered crop yields, food insecurity
and displaced many farmers. However, innovations like drought-resistant sorghum and mobile
technologies provide promising solutions. Efforts by the government and international partners
focus on modernizing agriculture through improved irrigation, soil conservation, and export
promotion. The country hosts a great variety of farms, the latter differing not only in their resources
but also in their production strategies and adaptation methods. In this context, this ecological
diversity is coupled with marked economic and social contrasts, whereby some households own and
operate large, mechanized areas, while others practice subsistence farming on small plots [17].
Unequal access to inputs, markets, and infrastructure further widens these gaps. It therefore stems
that one-size-fits-all agricultural policies quickly show their limitations, as they do not consider local
realities or the varying/diverse farmers’ profiles. Furthermore, some researches carried out in Sudan
laid specific emphasis on sorghum agriculture practices and food security [5,7]. These include:
Sorghum as a potential for food security in rural areas by adaptation of technology and innovation
in Sudan [18], Sorghum performance under climate change in Sudan [19], and Sorghum in food
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security [18,20]. However — as highlighted by some scholars [21] and [1] —, there is a scarcity of studies
that focused on socioeconomic factors affecting sorghum productivity and food security also heeding
farmers’ diversity, which points to the need for curb such a gap. Hence, this research attempted to fill
the identified gap — at best — by providing knowledge on understanding Sorghum Farmer typology
within food security in Sudan as an important factor of agriculture and Rural development.

The study suggests that socioeconomic diversity among Sudanese sorghum producers may be
linked to their food security status. This is why a typological approach proves essential to understand
how Sudanese agricultural households differ, what strategies they develop to cope with challenges,
and how these differences can provide guidance in designing an effective policy mostly for farmers
involved in sorghum production to enhance food security, resilience, and sustainability of Sudan's
agriculture. In this perspective, the main objective of this study is to develop a typology of Sudanese
farmers to better understand the diversity of their profiles and production strategies. Thus, the study
wants to identify the socioeconomic factors that categorize the main type of sorghum producers
within their food security status and analyze the correlation between farmers’ socioeconomic
characteristics and the probability of belonging to a specific farmer typology prior to cluster analyses
using multinomial regression. This typology aims to provide a clear reading of the country's
agricultural structure and to highlight the disparities among farmers in sorghum production within
their food security level. Following the Introduction section, the next one outlines the methods, the
third section reports the results of the data analysis, the fourth section discusses the study’s
conclusions, while the final sections are devoted to theoretical, empirical contribution of the paper
within its limit, implications and the paper’s conclusions and recommendations.

2. Materials and Methods

2.1. Theoretical Analytic Concept of Farmer Typology

This section outlines the approach used in this study for developing farmer typologies’ analysis.
Since typologies are designed to provide answers to research questions requiring consideration of
agricultural heterogeneity, they serve four primary functions: targeting suitable interventions per
farm type, scaling out successful practices, selecting representative or prototype farms for deeper
analysis, and scaling up ex-ante impact assessments to broader regions [5,7]. In the humid tropics
and in semi-arid regions of Sub-Saharan Africa, farming systems span a wide array of landscapes
and cultures, shaped by diverse biophysical, economic, and institutional conditions that differ
significantly across regions and even within themselves [16,22]. This variation leads to distinct
development stages among farms, shaped by farmers’ differing skill sets, aspirations, and resource
access, all of which generate dynamic spatial and temporal heterogeneity. Such complexity is difficult
to fully capture, often resulting in partial representations of the real situation. To address this, various
tools — such as wealth rankings, typologies, and farm classifications — have been developed, each
balancing the trade-off between detailed representation and practical usability [23-25].

Several methods are available for constructing typologies, including comparative analyses of
farm functioning, expert-based clustering, participatory wealth rankings, and multivariate statistical
techniques like Principal component analysis (PCA) or Multiple Correspondence Analysis (MCA).
While expert knowledge methods are cost-effective and context-sensitive, statistical approaches are
often preferred for their reproducibility and objectivity; ideally, both approaches are combined for
robust results [10]. Typology construction must meet scientific standards of accuracy and
reproducibility, while also addressing stakeholder needs [10,17]. The process goes through six key
steps (Figure 1) that respectively consist of: defining objectives, hypothesizing diversity, choosing
relevant variables, designing sampling, applying clustering, and validating using local knowledge.
Given that farms evolve over time, typologies — based on one-time data — should be regularly revised
to remain useful. In data-limited contexts, and for this study, structural typologies based on resource
endowments offer a viable starting point as suggested by previous studies [15,26]. Hypothesis was
formulated on expected effect of sorghum farmers’ diversity on their food security, and collaboration
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with local stakeholders was developed, informed by expert input. Furthermore, field observations
and survey were conducted, previous research on Sudanese farmers on different socioeconomic and
demographics aspects within sorghum production were consulted, ensuring that the typology aligns
with both theoretical insights and local real context.
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Figure 1. Overall framework of the typology process (PCA: Principal Components analysis; MCA: Multiple

Correspondence Analysis; MFA: Multiple Factorial Analysis) (following [27,28]).

2.2. Study Areas and Sample

Commonly known as “the grain of the Tropics,” sorghum is a cornerstone of Sudan’s
agriculture, food security, and rural economy. As one of Africa’s leading producers, Sudan relies
heavily on sorghum as a staple food, mostly in rural areas where it forms the backbone of livelihoods
[7]. In Sudan, between the northern semi-arid zones, the Central region’s savannas, and the irrigated
plains in the South, sorghum thrives across Sudan’s diverse agro-ecological zones where it has been
cultivated for centuries, with Gadarif State alone accounting for over 60% of the country’s production
due to its dominance in mechanized agriculture [29]. Other key regions include the Blue Nile,
Kordofan, and Darfur, where both traditional and mechanized methods are used. Farmers have
started diversifying with crops like millet and sesame to mitigate these risks [18,29,30].
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The sorghum farming calendar begins with sowing in June and harvesting in November, but
productivity is hindered by outdated machinery, poor access to seeds, low fertilizer use, and
inadequate storage infrastructure. Many farmers lack access to financial services and modern farming
knowledge [5]. Agricultural cooperatives are increasingly playing a role in bridging these gaps,
offering shared resources, improved tools, and market access. Economics wise, sorghum contributes
significantly to Sudan’s GDP and rural employment, supporting over 1.5 million households [5,6].
Annual production exceeds 4.5 million metric tons, with exports — primarily to Saudi Arabia and
Yemen - bringing in around $200 million in 2022 [29]. However, export growth is constrained by
poor infrastructure, lack of processing facilities, and limited foreign investment.

Armed conflict has disrupted sorghum production in Sudan by displacing farmers and reducing
yields. Yet, innovations such as climate-resilient crop varieties and mobile platforms offer a path
forward. Government and international efforts are underway to modernize agriculture via irrigation
upgrades, soil restoration, and export incentives [18,30,31]. This study is based on data from a
quantitative survey conducted in 2022, involving 392 farmer households in several States (Figure 2)
of Sudan, namely Blue Nile, Central Darfur, East Darfur, Gedarif, Kassala, North Kordofan, South
Darfur, South Kordofan, West Darfur, West Kordofan, and White Nile. The sampling design was
designed according to geographical and socio-economic stratification to ensure the
representativeness of different agricultural systems. Households were selected randomly. The survey
questionnaire was administered on a face-to-face basis by trained interviewers. It covered
sociodemographic characteristics of the household heads; productive and land resources; household
income and expenditure; as well as conditions of access and infrastructure (distances to markets,
agricultural services, and main roads).

I study Areas
&  State Capital
River Nie

[ state Boundaries

Figure 2. Study Areas.

2.3. Empirical Model of PCA

PCA is a multivariate statistical technique used to reduce the number of variables in a data set
into a smaller number of ‘dimensions [32-34]. In mathematical terms, from an initial set of correlated
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variables, PCA creates uncorrelated indices or components, where each component is a linear
weighted combination of the initial variables. For example, from a set of variables X1 through to Xn,

PCi= a1 X7 + a1 Xqi+...a Xy 1)

PCp = amy X1 + @z Xo oot Gyn Xn @)

where a,,, represents the weight for the m th principal component and n th variable.
Diagrammatically, the weights for each principal component are given by the eigenvectors of the
correlation matrix, or if the original data were standardized. The variance (1) for each principal
component is given by the eigenvalue of the corresponding eigenvector. The components are
arranged in such a manner that the first component (PC1) explains the largest possible amount of
variation in the original data, subject to the constraint that the sum of the squared weights (a?; + a?,
+ a},) is equal to one. As the sum of the eigenvalues equals the number of variables in the initial data
set, the proportion of the total variation in the original data set accounted by each principal
component is given by 4/p. The second component (PC2) is completely uncorrelated with the first
component and explains additional — yet lesser — variation than the first component, subject to the
very same constraint. Subsequent components are uncorrelated with previous components;
therefore, each component captures an additional dimension in the data, while explaining smaller
proportions of the variation of the original variables. The higher the degree of correlation among the
original variables in the data, the fewer components required to capture common information.

2.3. Multinomial Logistic Regression

A multinomial logistic regression model was applied to analyze the relationship between
household socioeconomic, demographic characteristics and the probability of belonging to a specific
farmer type. The approach is in line with [35] study. Derived from prior clustering analyses, the
typologies represent mutually exclusive and collectively exhaustive categories, justifying the use of
a multinomial specification for categorical outcomes with more than two levels. The model estimates
the log-odds of each typology relative to a reference category [25,36]. Typology “B” representing the
household type. Formally, for each non-reference category k, the model is specified as:

o PO =0
¢ G =5)

where Y denotes the farmer typology, and X;,X5,...,X, represent household- and farm-level

) = Bok + BixX1 + BauXz + -+ Bpi Xy 3)

explanatory variables [37]. These include household size, age, and education of the household head,
land size, income sources, expenditures, Tropical Livestock Unit (TLU), and food security indicators
such as the Household Food Insecurity Access Scale (HFIAS) and the Household Dietary Diversity
Score (HDDS).

The parameters By, and f;, represent the intercept and slope coefficients for category k,
respectively. Coefficients were estimated through Maximum Likelihood Estimation (MLE). For
interpretability, coefficients were exponentiated to yield odds ratios, indicating the multiplicative
change in the odds of belonging to a typology k [35-37]. The multinomial logistic framework allows
for the simultaneous assessment of multiple socio-economic and agricultural determinants across
typologies. This approach is particularly suited to identifying key differentiating characteristics
among heterogeneous farmer groups, thereby providing an empirical basis for targeted agricultural
policies and livelihood-oriented interventions.

2.4. Variables and Related Measurements

The choice of variables, as illustrated in Table 1, was based on existing literature on farm
household typology [11,14]. Structural characteristics constitute the first set of criteria used in
agricultural typologies [17]. They majorly include land size, number of plots, ownership of
agricultural equipment, and livestock, which reflect the productive capacity and level of physical
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capital of farmers. Economic and productive factors, on the other hand, refer to agricultural and non-
agricultural incomes, expenditures, and productivity, highlighting the disparities in performance and
orientation between subsistence and commercial farms [38]. The sociodemographic characteristics of
farmers, such as age, education level, household size, and agricultural experience, influence
production decisions, innovation capacity, and resource management [11]. Conditions of access to
finance resources and services include variables related to labor availability, which determine the
adoption of new technologies and farm competitiveness [25,39]. Furthermore, spatial and
environmental characteristics, including distance to markets, and to the urban area explain regional
differences in productivity and economic integration [40]. Agricultural production strategies and
behaviors, such as sorghum land size, total land size, reflect the economic and adaptive choices of
households. Lastly, constraints and vulnerabilities, whether cost of land rental, food security status,
and livestock ownership reflect the differentiated resilience of farms to shocks and constitute a major
determinant of agricultural system transformations. Owing to its vastness and diverse environmental
patterns, Sudan exemplifies a model particularly exhibiting a typical illustration of the complexity of
African agricultural systems [8,17,23].

Table 1. Description and measurement of variables.

Category Code Description Unit
hhsize2 Household size Number of people
Demographic features age_head2 Age of h(?usehold head Years
Years of education of the household .
educ_yrs_head?2 Education years
head
Accessibili dist_mins2 Distance to the nearby local market Minutes
ty dist_town2 Distance to the market in the city Minutes
I annual_nonAgrinc2 Annual income from off-farm activities SDG Currency
m
neomes annual_Income2 Total annual household income SDG Currency
annual_hhd_exp2 Total annual household expenses SDG Currency
Expenses annual_food_exp2 Annual food expenses SDG Currency
annual_exp_nonfd2 Annual expenses excluding food SDG Currency
Jand_size2 Total area of h‘ousehold s land Acres
. cultivated
Agricultural Asset -
Area of land cultivated to grow
sog_landsz2 Acres
Sorghum
Labor labhire_totcost2 Total cost of labor hired SDG Currency
f fi
. HDDS2 Household dietary diversity score Nbr of food
Food Security groups
HFIAS_Score2 Household food insecurity score Proxy (0-27)
Market / production unitest_landrent2 Unit cost of land rental SDG Currency
Livestock chicken_qgnty_tlu2 Tropical Livestock Unit (TLU) TLU

2.5. Data Analysis

In this study, two multivariate analysis techniques — namely Principal Component Analysis
(PCA) and cluster analysis — were used to establish a typology of farmer households in Sudan. The
two methods have been widely used by several studies to characterize and differentiate agricultural
systems according to their specificities [13,15,24]. First, a Principal Component Analysis (PCA) was
performed in R-Studio [41] on a set of variables relating to the sociodemographic characteristics of
households, conditions of access to the urban market, agricultural assets, agriculture production
strategy and the economic features of households (expenditure and income). The objective was to
summarize the complexity of the data and identify the dimensions that structure the diversity of
agricultural households. The factorial axes were selected based on the Kaiser criterion (eigenvalues >
1) and the scree plot. Only factorial axes with eigenvalues greater than 1 were retained. Additionally,
the Kaiser-Meyer-Olkin (KMO) measure for sampling adequacy should generate a value greater than
0.5 and the Bartlett's sphericity test, with an associated p-value less than 0.001, to indicate the validity
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of the analysis. Afterwards, a hierarchical cluster analysis was performed using the identified
principal components. The cluster analysis made it possible to group the observations based on extent
of their similarity measured across all captured dimensions. This type of analysis helps identify
homogeneous groups of farmer households that share similar features while maximizing the
differences between the formed groups. A multinomial logistic regression model was performed in
Stata 17 [42] to analyze the relationship between household and farm-level characteristics and the
probability of belonging to a specific farmer type. Hence, statistical significance was assessed using
z-values and p-values.

3. Results

3.1. Cross-States’s Descriptive Statistics

The results show significant variation across States in almost all households and farm
characteristics, as confirmed by the p-values (mostly <0.01), indicating meaningful regional
disparities in socio-economic and agricultural conditions across Sudan. Average household size
differs significantly (p = 0.000), ranging from 7.6 in Kassala to 10.8 in Blue Nile, reflecting different
family structures and dependency ratios. Although the average age of the household head does not
differ significantly (p = 0.167), the trend shows older heads in North Kordofan (54 years) and younger
ones in Blue Nile (44 years), suggesting possible migration and generational differences in leadership
patterns. Education levels also vary markedly (p = 0.000), with higher schooling years in Gedarif (9.4)
and East Darfur (9.4) compared to only 5.4 in North Kordofan, revealing regional inequalities in
access to education and human capital formation. Accessibility variables such as distance to farmland
and to towns exhibit strong regional contrasts (p = 0.000); households in North Kordofan and Central
Darfur are located closer to fields and markets, whereas East Darfur and Blue Nile face longer
distances (above 100 and 67 minutes, respectively). Economic and income variables show substantial
divergence (all p <0.01), with Gedarif and Kassala reporting the highest total and food expenditures,
indicating more commercialized, market-linked economies, while North Kordofan and Blue Nile
exhibit lower incomes and expenditures, aligning with subsistence-oriented production systems. Off-
farm income is notably higher in East Darfur and Gedarif, suggesting diversification of livelihoods
outside farming. Landholding size also differs significantly (p = 0.000), with Gedarif (26.6 feddans)
and Blue Nile (23.9 feddans) having the largest average holdings and Central Darfur the smallest (5.9
feddans), reflecting the predominance of smallholder systems in the Darfur region compared to semi-
mechanized farming in the east. Similarly, labor hiring costs vary widely (p = 0.000), peaking in
Gedarif (228,840 SDG) due to the prevalence of commercial agriculture, but minimal in Central
Darfur (623 SDG), emphasizing structural differences in farm mechanization and labor intensity.
Food security indicators display equally sharp contrasts (p = 0.000): dietary diversity (HDDS) is
highest in North Kordofan (11.0) and East Darfur (10.2) but lowest in Blue Nile (9.3), while food
insecurity (HFIAS) peaks in Central Darfur (6.3) and is lowest in East Darfur (3.8), revealing uneven
access to food and nutritional diversity. Livestock holdings, measured through chicken ownership (p
=0.007), are relatively similar but slightly lower in North Kordofan, while land rent costs are highest
in Kassala and Central Darfur, likely due to competition over limited cultivable land. Overall, the
results highlight pronounced spatial heterogeneity among Sudanese States: the eastern States
(Gedarif, Kassala) exhibit higher income, education, and land ownership associated with commercial
agriculture; the western States (Darfur region) remain land- and resource-constrained with lower
incomes and greater food insecurity, while Blue Nile lies in an intermediate position with large
households and moderate land access but high isolation and dietary limitations. These patterns
underline the need for geographically tailored interventions that strengthen market access, promote
equitable education, enhance agricultural productivity, and address the specific challenges to
resilience and food security in each of the involved States.
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Table 2. Cross-States’” Descriptive Statistics.
. Bl.u e Central East Darfur Gedarif Kassala North
Variables/States Nile Darfur (N=27) (N=38) (N=36) Kordofan P-value
(N=28) (N=41) (N=38)
] 1075 915 10.44 9.13 7.639 8.55
hhsize2 4.05)  (2.45) (3.00) (2.517) (3.01) (3.32) 0.000
4379 4754 49.96 49.42 54.139 48.18
age_head2 ) (1250 (10.63) (11.693) (12.01) (435 0167
679  7.59 9.41 9.26 7.083 5.39
educ_yrs_head2 -\ o (305 (4.13) (4.914) (5.00) (3.91) 0.000
dist mingy 0711 2659 104.89 43.03 21.889 66.66 0.000
- 43.92)  (32.29) (24.59) (33.837) (26.98) (42.41) '
, 4154 824 73.48 21.79 50.917 39.18
dist town2 (75 (9.88) (21.10) (20.98) (30.18) (22.49) 0.000
346,038.4 365,338 .4 183,744.01
annual_nonAgr 4 3 508,297.47 427,719.41 8 42538577 oo
Inc2 (390,794. (311,799.  (429,543.46) (508,879.391)  (210,20479 (416,092.69)
05) 30) )
419,286.7 395,412.5 282,142.17
annual_Income 1 9 645,350.33 528,101.87 7 569,12468 o
2 (412,126. (315291.  (524,869.78) (523,697.576)  (318,704.49 (383,581.32)
88) 23) )
550,802.4 619,250.5 92120011
annual_hhd_ex 3 6 1,321,342.93 LOSL7I763 oty 91995468 o o
p2 (288,538. (353,319.  (605,248.01) (566,672.480) VT @s09sean
51) 97)
378,373.8 397,338.5
annual_food_ex 6 6 893,689.89 870,417.36 21263'75%98391 632,565.21 0.000
p2 (257,681. (210,200.  (405,823.69) (445,687.607) T eearese)
56) 39)
172,429.5221,913.0 244,451.77
annual_exp_no 7 0 427,654.04 396,802.89 8 287,39047 oo
nfd2 (105,687. (209,574.  (246,744.54) (226,577.384)  (190,432.59 (189,142.34)
25) 79) )
. 2387  5.90 26.57 12.34 11.056 2471
land_size2 ;000 (305 (22.57) (8.936) 9.17) (1a42) 0000
1118 3.00 4.63 6.13 6.389 7.79
soglandsz2 g ca (1.67) (3.95) (5.639) (6.10) (7.37) 0.000
Iabhire fotcost2 f?,;lsggz 623.00 3,480.52 228,839.81 133388 147139 o
- oy (000 (11,296.56) (105158.25)  (6,114.84) (38,553.45)
929 941 10.22 10.03 11.000 10.34
HDDS2 (167)  (1.79) (1.25) (1.952) (1.93) (1.36) 0.000
521 629 3.81 447 4972 3.82
H .
FIAS Score2 1 16)  (4.03) (2.17) (3.57) (2.58) (1.69) 0.000
unitest_landren 3,861.08 2% 8,397.42 52686  5397.56
- 00 (11,940.7 o7 4.66 (14,904.29) /0% o .
t2 2,871.59) ’Z) 0 (11,5066) M6 (4900 o ing a3 (5eargy OO
chicken_gnty_tl 205  2.08 2.06 2.01 2.070 1.90 0.007
u2 0.07)  (0.37) (0.08) (0.193) (0.20) (0.26) '

Table 3 [Cross-States’ Descriptive Statistics (Continued)], below, presents the comparison of
household and agricultural characteristics across South Darfur, South Kordofan, West Darfur, West
Kordofan, and White Nile reveals marked regional heterogeneity in livelihoods and resource
endowments, with most differences statistically significant (p < 0.01). Overall, average household
sizes are high, ranging from 8 in West Kordofan to 10 in South Kordofan, reflecting the large family
systems, typical of rural Sudan, while education levels differ significantly (p = 0.000), being highest
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in South Darfur (8.7 years) and lowest in White Nile (5.4 years) — denoting an uneven human capital
investment across States. Accessibility indicators show that South Kordofan households live closest
to farms and towns, while West Darfur and South Darfur record the longest distances, indicating
location-based (distance related) constraints to market access and service delivery. Income and
expenditure patterns also vary sharply (all p <0.01): White Nile households exhibit the highest annual
income (580,600 SDG) and total expenditures (814,000 SDG), while West Kordofan and West Darfur
show significantly lower means, highlighting their weaker purchasing power and market integration.
North and South Kordofan maintain the largest average landholdings (20-25 feddans), while West
Darfur farms are the smallest (4), suggesting land fragmentation and pressure in conflict-affected
zones. Similarly, sorghum land size and seasonal cultivated land follow the same trend, with South
Kordofan being the most endowed land. Labor hiring costs vary greatly, standing as the highest in
South Darfur (31,600 SDG), thereby reflecting relatively active commercial farming, but minimal in
West Darfur and White Nile, suggesting more family-based or subsistence production. Food security
indicators further reveal contrasting welfare conditions: HFIAS scores are highest in West and White
Nile (5-6), implying greater food insecurity, while South Kordofan and South Darfur show relatively
lower scores (3), indicating moderately better access to food. Conversely, HDDS scores are highest in
South Darfur (9.9) and West Darfur (9.7) but lowest in South Kordofan (8.7), demonstrating variation
in dietary diversity across States. Overall, the findings portray South Kordofan as relatively land-rich
and accessible though moderately poor in dietary diversity; White Nile as income-rich but food-
insecure; South Darfur as a more commercially active agricultural zone with better diet diversity; and
West Darfur and West Kordofan as the most disadvantaged in both land and income, facing
persistent structural and food access challenges.

Table 3. Cross-States’ Descriptive Statistics (Continued).

South South West . .
Variables/States Darfur Kordofan We(s;lge;r)fur Kordofan W?I:Itf;;ﬂe P-value
(N=37) (N=34) (N=40)
. 9.05 9.59 813 7.93 8.38
hhsize2 (2.54) (3.09) (2.15) (2.66) (2.35) 0000
48.84 47.03 50.36 48.35 49.32
head2 167
age_head (9.42) (11.58) (12.33) (13.81) (12.28) 0.16
8.68 7.85 7.85 6.10 5.44
educ_yrs_head? (4.99) (4.40) (4.30) (3.15) (3.00) 0.000
. 57.62 28.94 78.51 4225 24.97
dist_mins2 (27.61) (30.04) (53.45) (17.82) (15.16) 0000
63.03 8.29 44.74 34.80 23.53
i 2 .
dist_town (30.78) (8.74) (32.24) (5.16) (13.53) 0.000
el nonAedne J11735:28 41492961 22799199 223,439.82 418,904.47 0,002
ANNUAL_NONABLINCS - 314 703.16) (392,254.88) (179,838.39) (17,3957.19) (568,517.15) :
anoal Incomep | 932519 46635027 244340.95  251,816.80 580,622.36 0,000
- (339,680.89) (429,812.28) (184,528.97) (186,683.34) (502,320.97) '
el hhd expy 07415559 70997602 56530521 59181100 813,986.88 0,000
—MEOPL 578,065.46) (417,996.48) (270,404.54) (203,580.64) (483,750.41) '

409,236.68  531,798.11  429,551.77  432,916.00

annual_food_exp2 ;57100 13) (352,396.43) (178,082.02) (146,129.13)

599,541.64 (265,524.76)  0.000

annual_exp_nontd2 264,919.92  178,178.91  135,754.44  158,896.00 256,185.32 0.000
(173,228.97) (125,921.47) (122,013.29) (124,706.14) (247,603.71)

LA éggg) éi:i% éég) <172-5207> éiz; o

sog_landsz2 égg) (ZZ; (ég) (;g(l)) (iil’é) 0.000

labhire_totcost2 (371,'1661;-66; (1,61'23212; (gjggg) (f;gig:;g) (‘;:;*Z;:gz) 0.000

HDDS2 (?:gg) (?;) (?:ZZ) (?:22) (zzgg) oo
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3.38 3.03 477 6.03 5.26
HFIAS_Score2 (1.91) (0.52) (3.32) (4.04) (3.80) 0.000
) 536522 696910 466091  3,206.49( 14,916.27
unitest landrent2 o)) 00)  (0,170.56)  (1,646.46)  1,466.83) (15,828.65) 0.000
2.04 2.07 1.99 1.97
hick 1u2 1. 24) 0.007
chicken_gnty_tlu (0.19) (0.00) (0.20) 020 8 (024) 0.00

Figure 4 (below) shows the education years and household size across eleven States surveyed.
Each boxplot summarizes regional disparities in both education and household composition. For
education years (left panel), there are notable differences across States. The length of schooling is
generally concentrated between 5 and 10 years, indicating that most individuals have attained a ‘basic
to lower secondary’ level of education. South Darfur stands out, exhibiting the highest educational
attainment with an upper limit of 20 years of schooling, reflecting existence of highly educated
individuals. In contrast, West Kordofan ranks lowest, with schooling levels not exceeding 12 years,
highlighting comparatively limited educational attainment in that State. Gedarif, Kassala, and North
Kordofan show relatively higher rates in terms of years of education, suggesting access to schooling
or stronger emphasis on education in these regions. In contrast, Blue Nile, South Kordofan, and White
Nile display lower level of education years, implying more limited educational attainment among
household heads.

East Darfur stands out, with its population having 8 to 19 years of education, indicating a more
advanced educational profile, like that observed in Blue Nile and South Kordofan. The Gedaref State
shows a broader educational distribution, with half of the population having 5 to 16 years of
schooling. In Kassala, 75% of the population has between 2 and 12 years of schooling, with the top
25% reaching 12 to 17 years, reflecting a moderate overall education level. Conversely, North
Kordofan exhibits a lower educational profile. South Darfur presents the highest education ceiling,
with an upper extreme of 20 years of schooling. Lastly, West Kordofan and White Nile States reflect
the lowest education levels, with schooling years not exceeding 12 years among their populations.
The household size plot also highlights strong regional variation, and the figure indicates that
Sudanese account for high rates in terms of household fertility, with average household sizes usually
ranging from 7 to 12 individuals, reflecting considerable demographic diversity across regions.
Among these States, Blue Nile stands out with the largest household sizes, reaching a maximum of
17 individuals per family, which indicates particularly high population density at the household level
in this area. Central Darfur, East Darfur, and South Kordofan happen to have larger households’
members, averaging 10-12 members, which may reflect extended family living arrangements or
higher birth rates in these States. In contrast, Kassala and Gedarif show relatively smaller household
sizes, generally between 6 and 8 members.

Figure 5 presents the distribution of total and sorghum land sizes in acres across eleven States
in Sudan. Allowing for comparison of agricultural land holdings and the extent of sorghum
cultivation between regions. The Figure reveals that agricultural landholdings across the Sudanese
States generally range between 0 - and 37-acres significant variability in land distribution among
households. In contrast, the land portion specifically dedicated to sorghum cultivation is more
limited, typically ranging between 0 and 10 acres, indicating that sorghum occupies only a given
portion of the total cultivated area among other crops. Blue Nile province stands out with the largest
agricultural landholding, reaching up to 62 acres, with a maximum of 26 acres allocated to the crop.
At the other edge of the spectrum, West Darfur has the smallest agricultural landholdings, with areas
not exceeding 10 acres. Regarding total land size, substantial regional variation is observed. Blue Nile,
South Kordofan, and South Darfur exhibit relatively larger land sizes, suggesting that households in
these States have access to more extensive agricultural land, possibly due to favorable agroecological
conditions or less demographic pressure. In contrast, Central Darfur, West Darfur, and Kassala
display smaller land sizes, indicating more limited access to cultivable land.
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Distribution of education years and Household size by State
educ_yrs_head2 hhsize2

20
° . .

4
o
2
@
> 10
5
5
°
o
¢ & & L oe Y & & & < € & & & £ & & & & & &
F LTSS TS F T F ST IS
T £ & S & \y\?’(, é:b < & & & & E q\q‘(’ ¢)~+ ~
& & Ed (é)\)\ & & & =4 ayo\ &
State
ES Bluenile B3 Gedarif B3 southDarfur B3 West Kordofan
State E Central Darfur . Kassala n South Kordofan E White Nile
B3 EastDarfur B3 North Kordofan B3 West Darfur
Figure 4. Distribution of education years and Household size by State.
Distribution of total land size and land size (acres) of sorghum by State
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Figure 5. Total and sorghum land size by State.
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Figure 6 presents the distribution of two key food security indicators — Household Dietary
Diversity Score (HDDS) and Household Food Insecurity Access Scale (HFIAS) — across Sudan’s
States. These indicators offer valuable insight into the quality of diets and the severity of food access
challenges at the household level, making them reliable tools for assessing vulnerability and
resilience in rural agricultural settings. The Figure reveals that most households fall within a dietary
diversity range of 8 to 10 food groups, indicating a moderate but limited variety in daily food
consumption. Gedaref and Kassala exhibit the highest scores. Blue Nile, Central Darfur, East Darfur,
and White Nile also show relatively high median HDDS values, though their distributions are
somewhat more concentrated. On the other hand, South Darfur and North Kordofan exhibit the
lowest median HDDS scores, suggesting more limited dietary diversity. West Kordofan and South
Kordofan display a wider spread in HDDS values, pointing to internal inequalities in food access and
nutrition. The HFIAS scores, which capture perceived food insecurity, reveal a different pattern. East
Darfur, South Darfur, South Kordofan, and North Kordofan report the lowest HFIAS scores,
indicating relatively stable food access and lower perceived stress around food availability. In
contrast, West Kordofan, White Nile, and West Darfur show significant scores and greater variability,
signaling a significant proportion of households experiencing food insecurity. Central Darfur and
Blue Nile fall in the middle range but show notable dispersion, possibly reflecting localized
differences in access to aid or agricultural inputs.

Distribution of food security parameters by State
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Figure 6. HDDS and HFIAS score across the States.

3.2. Principal Component Analysis

Preliminary tests (cf. Table 4 and Appendix A) show that the data is well suited for principal
component analysis. The Bartlett's Sphericity Test is significant (x? = 1911.20; p < 0.001), confirming
the existence of significant correlations between the variables. The Kaiser-Meyer-Olkin (KMO)
sampling adequacy index reaches 0.78, a value seen as satisfactory for reliable dimension reduction
(Figure 6).

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.


https://doi.org/10.20944/preprints202601.0461.v1
http://creativecommons.org/licenses/by/4.0/

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 6 January 2026

14 of 34
Table 4. Bartlett’s Sphericity Test.
Test Chi-Square Df P-value
Bartlett’s Sphericity Test 1,911.201 66 0.000
KMO MSA =0.78

In Figure 7, only the first five principal components generated have eigenvalues greater than 1
(Figure 1). Together, these five components explain about 72% of the total variance, the high
proportion indicating that these axes capture the crucial information about the variability of
characteristics observed in agricultural households and beyond the five components. In this
occurrence, it appears that each additional principal component contributes gradually less to the
cumulative variance explained, suggesting diminishing returns.

Scree Plot of Principal Components
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Figure 7. Scree plot of principal components.

Figure 8 illustrates that the first four principal components (PC1 to PC4) explain approximately
61% of the total variance in the dataset, which indicates that these four components capture most of
the meaningful variations present in the data, making them suitable for various multivariate
applications such as dimensionality reduction, clustering, typology construction, or input features
for further modeling including regression or classification tasks.

The PCA graph (Figure 9) reveals several key observations about the distribution of individuals
based on the first two principal components. Most individuals are tightly clustered near the origin,
indicating that they have similar values across the principal components. This central concentration
suggests low variability among many individuals in the main dimensions and likely reflects a
dominant, homogeneous group within the dataset. Despite explaining only 38% of the total variance
(22.64% by Dim 1 and 15.30% by Dim 2), these components are still valuable for visualizing the main
structure in the data.
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Cumulative Variance Explained by PCA
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Figure 8. Cumulative variance explained by PCA.
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Figure 9. PCA graph of individuals.

The correlation matrix between variables and components (Table 5) highlights the strongest
relationships that allow assigning economic meaning to each factorial axis. According to the Kaiser
criterion, 5 principal components (PCs) should be retained because their eigenvalues are > 1. This
means that, together, these 6 PCs explain a substantial portion of the variance in the data under
scrutiny. Principal Component Analysis (PCA) highlights five factorial axes accounting for 72% of
the total variance. The first axis (PC1) accumulates 22.64% of the total variance and expresses the
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dimension of households' living standards and purchasing power. The strongest correlations are
observed with variables related to total annual household expenditures (0.909), food expenditures
(0.827), and non-food expenditures (0.734). This axis thus opposes low-spending households,
characterized by limited consumption, to those with higher expenditures reflecting a better living
standard. This dimension therefore represents households’ economic situation and consumption
capacity.

The second axis (PC2), which explains 15.30% of the variance, represents the dimension of
income and economic diversification. This axis shows the strongest correlations with total annual
income (-0.777) and non-agricultural (off farm) income (-0.808). The axis distinguishes households
that depend almost exclusively on agriculture from those with diversified incomes, including non-
agricultural activities. It highlights an important resilience mechanism related to households' ability
to mobilize multiple resources and reduce vulnerability associated with agricultural yield variability.
The third axis (PC3), which accounts for 12.77% of the variance, introduces a spatial and structural
dimension associated with geographical distance and land size. The most correlated variables are
distance to service center (0.587), distance to town (0.501), and land size (0.559). This axis opposes
large farms located in areas that are remote from infrastructure and urban markets to small farms
neighboring service centers. This illustrates the level of accessibility and territorial integration,
suggesting that location directly influences economic opportunities and farmer households’

diversity.
Table 5. Eigenvalues and Variance Explained.

Eigenvalue Variance (%) Cumulative Variance (%)
2.717 22.643 22.643
1.836 15.302 37.946
1.532 12.768 50.713
1.291 10.754 61.468
1.252 10.435 71.902
0.913 7.604 79.507
0.728 6.070 85.577
0.605 5.040 90.617
0.464 3.868 94.485
0.442 3.686 98.171
0.181 1.509 99.680
0.038 0.320 100.000

The fourth axis (PC4) captures 10.75% of the variance and represents a dimension of cultural
specialization and accessibility (Table 6). The main contributions stem from the proportion of area
devoted to sorghum (0.669) and land size (0.514), while the distance to the service center shows a
substantially negative correlation (—0.561). This axis describes farms more prone to cash cereal crops,
with relatively large areas located in better endowed areas, infrastructure wise. It suggests a more
intensive and commercial farming model, illustrative of households with favorable integration into
production and supply circuits. Lastly, the fifth axis (PC5), which explains 10.44% of the variance,
corresponds to a socio-demographic dimension related to the household head profile.

The dominant variables are the age of the household head (0.668) and years of schooling (-0.710),
denoting an opposition between older and less educated operators and younger and better educated
operators (Figure 10). This axis illustrates the importance of human capital in the structuring of
agricultural systems.
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Table 6. Correlation Coefficients between Variables and Principal Components.
Variable PC1 PC2 PC3 PC4 PC5
hhsize2 0.334 0.155 -0.067 0.062 0.448
age_head?2 0.136 0.283 -0.248 0.044 0.668
educ_yrs_head2 0.135 -0.023 0.028 -0.017 -0.710
dist_mins2 0.214 0.236 0.587 -0.561 0.105
dist_town2 0.160 0471 0.501 -0.493 -0.017
annual_nonAgrinc2 0.355 -0.808 0.286 -0.027 0.155
annual_Income2 0.420 -0.777 0.304 -0.003 0.155
annual_hhd_exp2 0.909 0.148 -0.289 -0.058 -0.112
annual_food_exp?2 0.827 0.106 -0.254 -0.091 -0.088
annual_exp_nonfd2 0.734 0.079 -0.226 0.059 -0.141
land_size2 0.360 0.214 0.559 0.514 -0.013
sorghum_landsz2 0.127 0.333 0.429 0.669 -0.019
Variance Explained (%) 22.643 15.302 12.768 10.754 10.435
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Figure 10. Correlation circle —- PCA variables.

The biplot (Figure 11) highlights the fact that income- and expenditure-related variables are the
most influential in shaping Dimension 1, effectively pulling individuals toward the right side of the
plot. This indicates that economic capacity and consumption patterns are the primary drivers of
variation along this axis. In contrast, variables such as education years, land size, and households’
size contribute more moderately and in different directions, suggesting that education, land
endowment, and household composition represent additional, distinct socioeconomic dimensions.
Thus, the diversity in vector directions and the spread of individuals across the PCA space reveal a
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high level of heterogeneity within the dataset, a pattern commonly observed in socioeconomic and
agricultural typology studies, where households differ markedly in terms of resources, livelihoods,
and living conditions.
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Figure 11. Biplot -PCA.

In Figure 12 (PC1 vs PC2), the clusters are clearly separated, particularly between Clusters 1 and
2 along the first principal component (Dim 1), which indicates that PC1 captures the main variance
distinguishing between these two groups. Cluster 3 overlaps slightly with Cluster 1 but extends
upward along the second component (Dim 2), suggesting that PC2 adds further discriminatory
power by helping distinguish Cluster 3. This separation pattern supports the conclusion that the three
groups represent distinct typologies, shaped by different combinations of socio-economic,
demographic, and agricultural variables. In Figure 13 (PC1 vs PC3), the same individuals are
projected using PC1 and the third principal component (PC3). The three clusters remain clearly
visible, following the same color coding. Here, PC1 continues to effectively separate Cluster 2 from
the others, affirming its role as the dominant dimension of variation. However, PC3 provides
additional discriminatory power by better separating Cluster 3 downward from Cluster 1 — an aspect
that is not fully captured by PC2 in the first graph. This reasserts the multi-dimensional structure of
the data, showing that each principal component uniquely contributes to understanding the
groupings, and that the cluster separation is robust across different projection planes.
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Figure 13. PC1 vs PC3.

3.3. Cluster Analysis Results

The factorial scores obtained from the five principal components were subjected to a hierarchical
classification analysis (Figure 14), followed by consolidation by the method of the mobile centers (k-
means). This dual approach, combining an exploratory analysis and statistical optimization, has
made it possible to identify three kinds of farmers:
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the Basic or Vulnerable Farmers (Type 1); the Well-off Remote Farmers (Type 2) and Educated Farmers
in Markets’ Vicinity (Type 3). These 3 types of farmers present marked differences, based on
demographic and economic features and tests of equality of means (p < 0.001 for most variables)
confirming the significance of these distinctions, guaranteeing the internal consistency of the
typology and its analytical relevance (Table 7).

Dendrogram with 3 Clusters

30-

20-

Height

Figure 14. Dendogram representation.

Type 1, classified as Basic or Vulnerable Farmers, groups the most vulnerable fraction of
agricultural operators. These farmers are characterized by modest incomes (averaging 370,600
SDG/year) and limited annual expenditures, indicating a low standard of living. Household heads
have a restricted level of education (averaging 6.7 years of schooling), which limits their ability to
access information, innovation, and formal markets. With an average farm size of approximately 15
hectares, these households practice subsistence agriculture, often relying on rainfall and being poorly
diversified. The minimal use of hired labor (averaging 15,533 SDG/year) confirms their low
productive intensity and dependence on family labor. Considered together, all these characteristics
reflect a situation of structural vulnerability, whereby economic and human constraints combine to
limit growth prospects and resilience against climate or economic shocks. Type 2, designated as Well-
off Remote Farmers, groups relatively wealthy households characterized by larger land allocations
(averaging 21 ha) and higher average incomes (averaging 492,000 SDG/year). These households also
show the highest levels of both food and non-food expenditures and are distinguished by intensive
use of hired labor (averaging 61,700 SDG/year).

This profile suggests a commercial trend/proneness and increased capacity for investment in
agricultural production. However, their farms are in geographically isolated areas, with an average
distance of approximately 63 minutes from the nearest service. This spatial isolation indicates that
these farmers compensate for logistical costs and difficulties in accessing markets by utilizing large
land areas and mobilizing significant productive resources. Thus, Type 2 embodies the model of
capitalized — although peripheral — agriculture, whose performance depends heavily on land
availability and the ability to bear the high transaction costs associated with distance. Type 3,
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classified as Educated Farmers in Markets’ Vicinity, represents a more limited category in terms of
numbers, despite being highly significant from a structural standpoint. This group includes the
youngest farmers and most educated (average 8.3 years of schooling), indicating higher human
capital. They operate small farming areas (average 7 ha) but benefit from proximity to urban centers
and services (average 13 minutes). Despite their limited landholdings, these households pay the
highest rents, reflecting strong land pressure in peri-urban areas. These farms thus combine high
human capital, good accessibility, and land optimization strategies, reflecting a transition toward
connected and innovative entrepreneurial agriculture.

Table 7. Summary Descriptive Table by groups.

Overall Mean Type 1 Type 2 Type3 p.overall N
(SD)
N=392 N=187 N=137 N=68
Household size 8.89 (2.94) 825(2.64)  10.1(3.05)  8.13(2.69) <0.001 392
Age of household head 489 (12.1) 47.8 (12.7) 52.2 (11.0) 452 (11.5) <0.001 392

Head of household' £
ead of household's years o 7.37 (4.39) 6.67 (4.34)  7.87(443)  829(422) 0009 392

Education
Distance to the nearby local 49.7 (40.9) 533 (412) 629 (40.0)  13.1(849) <0.001 392
market
Distance to the market in the city 36.2 (29.2) 39.6 (27.7) 43.4 (29.0) 12.3(20.4) <0.001 392
Annual income from non- 309,942 381,250
agricultural activities 346,119 (380,660) (342,319) 378,062 (433,410) (363,350) 0.189 392
. 370,598 421,199
Total annual household income 421,817 (401,211) (344,427) 492,036 (473,508) (370,874) 0.040 392
532,000 1,236,464 673,132
Total 1h hol 2, 47 ’ e ’ .001 2
otal annual household expenses 802,685 (476,803) (196,986) (474,634) (394,246) <0.00 39
395,179 473,187
Annual food expenses 561,652 (343,255) (159,051) 832,792 (380,318) (296,908) <0.001 392
. 144,602 204,015
Annual expenses excluding food 246,157 (201,523) (103,117) 405,692 (220,428) (161,938) <0.001 392

Total area of household land

cultivated 15.8 (14.9) 15.0 (14.8) 21.0 (16.0) 7.27 (5.93) <0.001 392

Area of Sorghum’s |
rea of Sorghum’s land 633(634)  631(579)  800(773)  3.01(1.84) <0.001 392
cultivated

15,533 30,115

(34,207) 61,717 (116,301) (79.800) <0.001 392

Total cost of labor engaged 34,203 (82,387)

Household dietary diversity 971(1.77)  968(177)  9.88(177) 946 (1.79) 0272 392

score (HDDS)
Household food insecurity score (0 355 45g(303) 463334 507(314) 0527 392
(HFIAS)
. 9,322
Unit cost of land rental (acres) 6994 (9588) 5783 (7930) 7492(10083) (Ol 0042 392

Tropical Livestock Unit (TLU) 2.02 (0.22) 201(020) 203(025) 201(0.18) 0845 392

The correlation matrix illustrates the relationships among key socioeconomic variables and the
four principal components (PC1-PC4). Annual income, off-farm income, household expenditure, and
food expenditure are all highly interrelated correlation coefficients above 0.9 (Figure 15). This
suggests that higher total income is closely tied to higher spending, particularly on food, confirming
the internal consistency of the dataset and the central role of income in household welfare. Similarly,
land size and household size show a mild positive relationship with income and expenditure,
indicating that larger households and farms tend to have slightly higher earnings and consumption
levels. In contrast, PC1 is negatively correlated with most expenditure and income variables (0.7 to
-0.9), suggesting that PC1 likely captures a gradient of household economic capacity — where higher
PC1 values correspond to poorer, lower-income households.
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PC2, on the other hand, shows moderate positive correlations with income and expenditure (0.4
to 0.6), implying that it may represent another dimension of wealth or production intensity. PC3 and
PC4 have weaker and more scattered correlations, indicating that they capture more specific or
secondary aspects of variability, such as education, distance to services, or labor costs. Interestingly,
the food insecurity score exhibits weak or slightly negative correlations with income and expenditure,
reinforcing the notion that households with higher income tend to experience lower food insecurity.
The education level of the household head shows moderate positive correlations with expenditure
and income, indicating that education contributes to better economic outcomes. Distance-related
variables display weak and sometimes negative correlations with economic variables, suggesting that
households farther from towns or markets may have less access to income-generating opportunities.

Correlation Matrix of Variables with symbols for positive correlations within Principal Components

dist_town2 + + + + + + + + + + +
dist_mins2 1— N . gt —t @
HDDS24 + + + + + + + + + + + + 042 021
annual_Income2 - + i & + + + : 3 + + + + 068 061 -0.09
annual_nonAgrinc2 + + + + + + + + + + . 065 -001 -0.08
PC3 + + + + + 0% 066 O 086 081
land_size2 * + + + + + + + 085 047 02 068 044 068
age_head2 3 + > 3 + + + -0.03 | -039 -007 -008 -004 -0.02 085 +
hhsize2 + + + + + 048 0#4 -019 062 062 062 041 063 + 00"‘l °
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Figure 15. Correlation Matrix.

3.4. Radar Chart of Cluster Profiles

The radar chart (Figure 16) visually confirms the robustness and consistency of the typological
profiles identified among Sudanese farmers. Type 2 clearly dominates economic axes, mostly
regarding income, expenses, and use of hired labor, reflecting financial and productive superiority.
Type 3, in turn, is distinguished by high scores on education, geographical proximity, and income
diversification variables, confirming its more urban and innovative nature. Conversely, Type 1 shows
low values across all dimensions, illustrating its economic and social marginalization. Each of these
categories calls for differentiated policy responses: development of infrastructure and reduction of
logistics costs for remote farmers, productive strengthening programs and social support for
vulnerable households, as well as support for agricultural entrepreneurship and market access for
educated young producers.
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Figure 16. Radar chat.

With respect to the Household Dietary Diversity Score (HDDS), clusters 2 and 3 display
comparable distributions, with dietary diversity scores ranging between 6 and 13 (Figure 17). In both
clusters, 50% of the households fall within the 9 to 11 range, indicating a relatively similar and
moderate level of dietary diversity, as Cluster 1 shows a similar overall range. However, its
interquartile range is slightly shifted, with half of the population exhibiting dietary diversity scores
between 8 and 11, suggesting marginally lower center-marked tendency compared to clusters 2 and
3. In contrast, the Household Insecurity Access Scale (HFIAS) reveals clearer differences across
clusters. Clusters 1 and 2 exhibit a wide dispersion at the upper end of the scale, indicating substantial
variability in food insecurity levels and the presence of highly food-insecure households. Cluster 3,
on the other hand, shows much lower dispersion, with only three outliers, reflecting more
homogeneous conditions. Importantly, cluster 2 records the highest levels of food insecurity,
followed by cluster 1, whereas cluster 3 demonstrates the lowest food insecurity levels overall. These
results suggest that cluster 3 represents the most food-secure group, while clusters 1 and especially
cluster 2 happen to be more vulnerable in terms of household food access.
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Figure 17. Food security by cluster.

3.5. Multinomial Logistic Regression Results

The multinomial logistic regression model (Table 7) identifies the factors influencing the
likelihood of belonging to a specific farmer’s type group. The marginal effects analysis (Table 8)
reveals clear patterns in how household characteristics, socio-economic variables, and geographic
location influence the probability of a household belonging to each type of group. Household size
significantly increases the likelihood of being in Type 2 (p < 0.01) and decreases the probability of
being in Type 3 (p < 0.01), suggesting that larger households are more likely to belong to type 2 and
less likely to be in Type 3. Similarly, the age of the household head shows a small but statistically
significant positive association with Type 2 (p < 0.05) and a negative effect on Type 3 (p < 0.05),
indicating that older household heads are more likely to be in Type 2 and less likely in Type 3.
Education of the household head is associated with a lower probability of Typology 1 (baseline) and
a higher probability of Type 2 (p < 0.05), reinforcing the idea that more educated heads are more
likely to be in more economically engaged or resilient types of farmers.

Remoteness, measured by distance (in minutes) to services, significantly increases the
probability of being in Types 1 and 2 (both p < 0.01) while reducing the likelihood of Type 3 (p <0.01),
suggesting that Type 3 households are more likely to be in accessible areas. Land ownership,
particularly sorghum land size, follows a similar pattern — with positive associations for Types 1 and
2 (p <0.01) and a strong negative association with Type 3 (p < 0.01) — highlighting the importance of
productive agricultural assets in typology membership. Non-food expenditures are negatively
associated with Type 1 (p < 0.05) and positively (though less strongly) associated with Type 3 (p <
0.1), while hired labor costs also show a marginally significant positive effect on Type 3 (p <0.1). This
may reflect differences in livelihood strategies or investment capacities across typologies.

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.


https://doi.org/10.20944/preprints202601.0461.v1
http://creativecommons.org/licenses/by/4.0/

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 6 January 2026

d0i:10.20944/preprints202601.0461.v1

25 of 34

Regional effects are also pronounced. Households in North Kordofan show significantly higher
probabilities of belonging to Types 1 (p <0.05) and 2 (p <0.1), and a much lower probability of being
in Type 3 (p <0.01). Likewise, South Darfur is associated with higher probabilities of Type 1 (p <0.01)
and Type 2 (p < 0.1) and a significantly lower likelihood of Type 3 (p < 0.01). West Kordofan and
White Nile also display similar directional effects, all statistically significant. Additionally, West
Darfur shows a significant negative association with Type 3 (p < 0.1), while regions such as Kassala
and Gedarif also demonstrate significant effects (p < 0.05, respectively) on Type 3 reflated
membership. These geographic patterns indicate that household typology is shaped not only by
demographic and economic factors but also by broader contextual and regional dynamics. Overall,
the results underscore that typology classification is influenced by a combination of household
structure, economic status, remoteness, and location (geographical feature). The statistically
significant effects across multiple variables point to meaningful distinctions in household strategies,
market access, and vulnerability profiles among the different typology groups.

Table 8. Marginal Effects After Multinomial Logit.

Type 1 Type 2 Type 3
hhsize2 -0.00599 0.0244*** -0.0184***
(0.00611) (0.00515) (0.00468)
age_head2 -0.00128 0.00307** -0.00180**
(0.00134) (0.00126) (0.000834)
educ_yrs_head2 -0.00807** 0.00633** 0.00175
(0.00371) (0.00322) (0.00266)
dist_mins2 0.00395*** 0.00302*** -0.00697***
(0.00102) (0.000601) (0.00119)
annual_food_exp2 -0.000000465* 0.000000123 0.000000342
(0.000000282) (0.000000239) (0.000000213)
land_size2 0.00111 0.00403*** -0.00515***
(0.00157) (0.00123) (0.00184)
sog_landsz2 0.0114*** 0.00963*** -0.0210%**
(0.00419) (0.00286) (0.00520)
dist_town2 0.000817 0.00131* -0.00213***
(0.000873) (0.000747) (0.000765)
annual_hhd_exp2 -8.75e-08 0.000000323 -0.000000235
(0.000000256) (0.000000229) (0.000000196)
annual_Income2 -1.23e-09 2.82e-08 -2.70e-08
(0.000000137) (0.000000112) (0.000000124)
annual_exp_nonfd2 -0.000000629** 0.000000351 0.000000278
(0.000000275) (0.000000253) (0.000000201)
labhire_totcost2 -0.000000876 0.000000257 0.000000619*
(0.000000562) (0.000000437) (0.000000350)
annual_nonAgrInc2 8.54e-09 -9.65e-08 8.79e-08
(0.000000135) (0.000000112) (0.000000118)
chicken_qnty_tlu2 -0.0500 0.0445 0.00557
(0.0915) (0.0768) (0.0651)
unitcst_landrent2 0.00000154 -0.00000232 0.000000777
(0.00000195) (0.00000189) (0.000000919)
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HFIAS_Score2 -0.00765 0.00607 0.00158
(0.00504) (0.00408) (0.00435)
HDDS2 0.00549 -0.00659 0.00110
(0.00895) (0.00850) (0.00699)
Blue Nile 0 0 0
) ) )
Central Darfur -0.0129 0.0383 -0.0254
(0.0951) (0.0885) (0.0726)
East Darfur 0.240 0.0752 -0.315
(20.25) (5.969) (26.22)
Gedarif 0.0969 0.140 -0.237**
(0.154) (0.121) (0.106)
Kassala 0.140 0.0407 -0.180**
(0.0872) (0.0727) (0.0848)
North Kordofan 0.161** 0.130* -0.291**
(0.0815) (0.0733) (0.0702)
South Darfur 0.228*** 0.109* -0.337***
(0.0655) (0.0600) (0.0609)
South Kordofan 0.0927 0.0165 -0.109
(0.0727) (0.0640) (0.0720)
West Darfur 0.165** -0.0243 -0.141*
(0.0769) (0.0665) (0.0767)
West Kordofan 0.131* 0.206*** -0.337***
(0.0670) (0.0609) (0.0609)
White Nile 0.0524 0.151** -0.203***
(0.0823) (0.0698) (0.0748)
N 392 392 392

Standard errors in parentheses. Marginal Effect > 0 & p < 0.05 Predictor increases chance of outcome and
Marginal Effect <0 & p < 0.05 Predictor decreases chance of outcome. *p <0.1, ™ p <0.05, ™ p < 0.01.

4. Discussion

As outcome of this study, the results reveal that the differentiation of Sudanese agricultural
households revolves around three major types of farmers: living standards, income diversification,
geographical location, productive specialization, and socio-demographic profile. This structure
confirms the multidimensional nature of agricultural systems, already highlighted by [15,26] in
different African contexts elsewhere. To sum it up, variables related to age and education confirm a
generational and educational gap already observed by [17], whereby young, educated farmers are
more prone to move towards modern and commercial agriculture. From these components,
hierarchical classification and the moving centers method have made it possible to identify three
distinct types of agricultural households, reflecting contrasting productive and social logics.

The first group, vulnerable farmers, brings together the most economically fragile households.
Their low annual income, limited level of education, and restricted access to productive resources
reflect a dependence on rain-fed agriculture and a subsistence economy. These results corroborate
those of [43] in South Africa and [44] in Tanzania, which show that rural poverty is typified by low
technological adoption and increased vulnerability to environmental shocks. The existence of this
category highlights the limitations of one-size-fits-all agricultural policies, often unable to reach
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marginalized small-scale producers. The second group, well-off remote farmers, presents a
paradoxical situation: these households have large land areas and high agricultural incomes, but their
distance from infrastructure and markets hinders their economic integration. This configuration
illustrates the "abundance isolation" paradox described by [16] in Niger and confirmed by [45] in
Ethiopia. Farmers of this type have strong production and investment potential, but their yields
remain limited by poor transport networks and agricultural services. These households represent the
productive core of Sudanese agriculture, but their contribution to rural development will largely
depend on targeted land use policies and better access to value chains. As emphasized by [15] and
[11], recognizing and valuing the diversity of farming systems is an essential condition for the
sustainable structural transformation of the sector. An extensive spread of this parameter is present
in both indicators, especially for HFIAS, underscoring the inner-State heterogeneity in household
experiences. This intra-regional variation, especially evident in Central Darfur and White Nile,
suggests that food insecurity is not evenly distributed and that targeted, localized interventions are
necessary.

Lastly, the third group, Educated Farmers in Markets’ Vicinity, embodies a dynamic of
agricultural modernization. These households, led by younger and most educated heads, cultivate
small areas located near cities. Despite their reduced size, they stand out through strong
diversification of their income and a trend to move towards intensification. These results confirm the
observations of [17] and [38], stating that land pressure and urban proximity favor more intensive
practices and rapid adoption of innovations. Moreover, the association between education and
performance observed in this group is in accordance with the conclusions of [11] and [46], who
emphasize that training and pluri-activity stimulate the transition towards entrepreneurial
agriculture, which is more ‘connected” and sustainable. This category thus illustrates the occurrence
of a generation of emerging farmers, capable of penetrating and fitting into the urban economy and
playing a driving role in the structural transformation of the sector. These three types reflect the
contrasting trajectories of Sudanese agriculture: a vulnerable but socially dominant survival-based
agriculture, an extensive capital-endowed agriculture but isolated, and a proximity agriculture that
is underpinned by education and innovation. This segmentation abides by a logic comparable to that
observed by [28] and [15] in West Africa, whereby differentiation is based on the articulation between
land capital, human capital, and spatial connectivity. It also highlights the need for a differentiated
approach to agricultural policies, based on the recognition of this internal diversity, as recommended
by [9] and [14].

5. Methodological and Empirical Approach Contribution and Implications
for Theory

The study illustrated that the multinomial approach; principal component analysis (PCA) and
cluster analysis (CA) utilized are suitable tools for identifying important socioeconomic
characteristics of typical farmers types involving in Sorghum production in Sudan and corroborate
with other scholars studies [47]. Thus, the choice of PCA and CA, was justified in this study due to
the complexity and multidimensional nature Sudan farmer diversity factors. Analysis allowed for the
simultaneous examination of numerous variables to capture the inherent diversity among farmers,
reducing data dimensionality while retaining critical variance. This approach enabled the
classification of farmers into distinct types based on socioeconomic characteristics, and multinomial
regression providing a comprehensive understanding of the factors like gender, age, food security,
education level, TLU, food security, land size etc. which influencing the likelihood of belonging to a
specific farmer’s type groups. The results of this study full fill the gap highlighted in previous studies
in Sudan [18,21,48-50] and around the world [2,7,20,51-53] and are in line with those of SDG 1 and
SDG 2, and other scholars [7,25,54]. In particular, the objectives of increasing agricultural production
and fighting poverty and hunger [55]. This study identified three distinct farm types that can be
targeted for scaling up and readiness for agricultural policy, food security and rural development
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and methodology can be adapted to different situations and objectives of farm typology studies in
fragile context.

6. Study Limitations

This study has certain limitations. Firstly, the data used does not capture all the qualitative
dimensions related to institutional dynamics or cultural practices, which also influence agricultural
differentiation [13]. Secondly, the typology developed is based on a static analysis; however,
agricultural typologies are dynamic and evolve under the effect of economic, climatic, and social
transformations. Last but not the least, the classification relies on quantitative variables without
integrating behavioral indicators, which are yet essential for a more comprehensive understanding
of agricultural systems [11]. Despite these limitations, the results offer important practical
implications, providing an empirical basis for designing differentiated policies. Also highlighted are:
Targeted support for vulnerable households through capacity building, investment in rural
infrastructure to connect isolated farms; and promotion of agricultural entrepreneurship and
technical training for educated young farmers. Hence, the analysis reveals and asserts clear regional
disparities in food security across Sudan. Furthermore, the different Principal Component
visualizations perform through this study is particularly powerful for identifying different farmer
types within a unique characteristic, guiding further analysis or policy targeting in agricultural and
development research particularly in fragile context like Sudan where this kind of study is rare.
Overall, this typology makes an empirical foundation for more effective planning and
implementation of agricultural development programs in Sudan, supporting the design of inclusive,
evidence-based rural policies aimed at enhancing productivity, equity, and sustainability.

7. Conclusions and Recommendations

The study consistently developed a typology of Sudanese farmer households using a
multivariate approach, combining Principal Component Analysis (PCA) and clustering techniques.
Each cluster was therefore shaped by varying socio-economic, demographic, and agricultural
characteristics, hence bringing the study to reveal three distinct farmer groups based on household
characteristics, farm resources, and socio-economic indicators. These typologies provide a clear
structure for understanding the diversity among rural households and highlight key differentiating
factors such as landholding size, income sources, education, and food security status. The findings
underline the importance of tailored policy interventions. Each farmer typefaces unique constraints
and opportunities, suggesting that “one-size-fits-all” agricultural policies are ineffective. Instead,
targeted strategies that account for household diversity — such as improving market access for better-
off farmers or enhancing food security and resilience for more vulnerable households — are needed.

Results also demonstrate a clear spatial pattern: States in the eastern regions have higher
educational attainment but smaller families, while western and southern States exhibit larger
household sizes and, overall, lower levels of education. These disparities may reflect differences in
economic opportunities, infrastructure, cultural norms, and access to education services across
Sudan’s regions. Land access and sorghum cultivation are unevenly distributed across Sudan’s
States. The southern and eastern regions appear to have larger agricultural holdings and greater
emphasis on sorghum production, while western and northeastern States show smaller, more
constrained land resources. These disparities may reflect variations in agroecological potential,
population density, land tenure systems, and local livelihood strategies. The overall trend reflects a
relatively low level of dietary diversification, which may not be sufficient to ensure balanced
nutrition. This pattern highlights potential vulnerabilities in food systems, particularly in terms of
access to a diverse and nutritionally adequate diet. which may be associated with reduced
agricultural productivity, poor market access, or economic hardship.

The multinomial regression analysis revealed that variables such as education level, household
size, landholding size, income composition (both agricultural and non-agricultural), food security
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indicators (HFIAS and HDDS), and livelihood strategies significantly influence the probability of
belonging to a particular typology. Type 1 emerged as the most vulnerable group, characterized by
small land sizes, low educational attainment, limited non-agricultural income, and high levels of food
insecurity. Type 2 represents moderately secure households with a balance between agricultural and
non-agricultural income sources but still facing food insecurity risks. In contrast, Type 3 includes
better-off households, benefiting from larger landholdings, diversified income streams, higher
education, and boosted food security.

These results underscore the need for differentiated agricultural and rural development
strategies. For type 1, targeted support such as input subsidies, extension services, and access to credit
is essential to enhance productivity and resilience. Type 2 would benefit from policies that promote
livelihood diversification through vocational training and support for small-scale non-farm
enterprises. As for Type 3, interventions should focus on expanding market access, integrating
households into value chains, and fostering agribusiness development. Additionally, land reform
policies are necessary to address inequality in land access, particularly affecting the most vulnerable
households. Education and literacy programs must be promoted and strengthened across all clusters
to empower households to make informed decisions and improve their economic standing. Food
security and nutrition-focused programs should be prioritized in regions dominated by Types 1 and
2. Given the geographic variability in Cluster distribution, development interventions must be
spatially tailored to reflect the specific needs and capacities of different regions. Ultimately, the
combined analytical approach provides an empirical foundation for designing inclusive and efficient
policies that support sustainable rural development and improve livelihoods in Sudan.
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MFA Multiple Factorial Analysis
GDP Gross Domestic Product
PC Principal Component
TLU Tropical Livestock Unit
HFIAS Household Food Insecurity Access Scale
HDDS Household Dietary Diversity Score
MLE Maximum Likelihood Estimation
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LRFPP Local and Regional Food Procurement Policy
WEP World Food Programme
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