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Abstract 

Cassava (Manihot esculenta Crantz) is a vital staple crop in sub-Saharan Africa, underpinning food security, rural livelihoods, 

and agro-industrial development. Despite its resilience to marginal soils and drought, cassava productivity is severely constrained 

by viral and bacterial diseases, notably cassava mosaic disease (CMD), cassava brown streak disease (CBSD), and cassava 

bacterial light (CBB). Conventional breeding approaches for disease resistance remain limited by long phenotyping cycles, 

genotype-by-environment interactions, and inadequate spatial integration. This review highlights the emerging role of geospatial 

genomics, an interdisciplinary framework that integrates Geographic Information Systems (GIS), remote sensing, and genomic 

tools to accelerate cassava improvement. GIS enables spatial mapping of disease incidence and environmental gradients, while 

remote sensing technologies such as satellite indices and drone-based hyperspectral imaging provide real-time crop health 

monitoring. Advances in genomics, including SNP genotyping, genotyping-by-sequencing, and marker-assisted selection, 

facilitate the identification of resistance loci and predictive breeding. Integrating spatial datasets with genomic information 

through environmental association analyses enhances understanding of genotype-environment interactions and supports climate-

resilient breeding strategies. Applications of geospatial genomics in cassava include disease surveillance, predictive modeling of 

outbreaks, targeted germplasm deployment, and improved selection efficiency across diverse agro-ecological zones. Through 

linking environmental variability, disease dynamics, and genetic diversity, geospatial genomics offers a comprehensive pathway 

to develop disease-resistant cassava varieties, thereby strengthening food security and sustainable agriculture in Africa. 
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1. Introduction 

Cassava (Manihot esculenta Crantz) is one of the most im-

portant staple crops in sub-Saharan Africa, playing a central 

role in food security, rural livelihoods, and agricultural econ-

omies across the continent. The crop is widely cultivated by 

smallholder farmers due to its adaptability to marginal soils, 

tolerance to drought, and ability to produce reasonable yields 

under low-input conditions. These characteristics make cas-

sava particularly important in regions facing climate variabil-

ity and food insecurity [1, 2]. Cassava also serves as a strategic 

food reserve because its roots can remain in the soil for ex-

tended periods and be harvested when needed, thereby provid-

ing a reliable source of food during periods of scarcity [3]. 

Cassava is a major source of dietary energy for millions of 

people in Africa. Globally, more than 800 million people de-

pend on cassava as a staple food, with the majority residing in 

sub-Saharan Africa [2]. The storage roots are rich in carbohy-

drates, particularly starch, making them an important source 

of calories in rural diets. In several African countries, cassava 

makes a substantial contribution to daily caloric intake and 

serves as a staple food, processed into various traditional prod-

ucts such as gari, fufu, lafun, and tapioca [4, 5]. Beyond the 

roots, cassava leaves are also consumed as a vegetable in 

many African communities and are valued for their relatively 

high protein, vitamin, and mineral content compared with the 

roots. The leaves provide essential micronutrients, including 

vitamin A, iron, and calcium, thereby contributing to im-

proved nutritional outcomes in cassava-based diets [6]. 

Beyond its importance for household consumption, cassava 

has become an increasingly valuable industrial crop. Its starch 

is widely used in producing flour, sweeteners, adhesives, bio-

ethanol, textiles, and pharmaceuticals. Cassava is also a criti-

cal ingredient for livestock feed and the processed food sector, 

driving value addition and supporting rural economic growth 

[2, 7]. As a result, cassava is now seen not just as a subsistence 

crop but as a strategic commodity for agro-industrial advance-

ment in many African countries. Africa leads global cassava 

production, accounting for over 60% of the world’s output, 

with annual production exceeding 200 million tonnes [2]. Ni-

geria is the top producer, with more than 60 million tonnes per 

year, followed by the Democratic Republic of Congo, Ghana, 

Tanzania, Mozambique, and Angola all of which depend heav-

ily on cassava for food security and rural incomes [2, 8]. Fa-

vorable agro-ecological conditions and widespread adoption 

in smallholder systems explain these countries’ dominance in 

cassava production. However, average yields in Africa (8-12 

t/ha) are well below the crop’s biological potential, which can 

surpass 40 t/ha with improved varieties and optimal manage-

ment [1, 9]. This yield gap is mainly caused by biotic stresses 

such as cassava mosaic and brown streak diseases along with 

poor soils, lack of quality planting material, and suboptimal 

agronomic practices. Given cassava’s resilience and multiple 

uses, it remains foundational to agriculture and food security 

across Africa. Boosting productivity and disease resistance 

through modern breeding, genomics, and geospatial tools is 

critical for building sustainable food systems throughout the 

continent. 

 
Figure 1. Conceptual framework showing the integration of GIS, re-

mote sensing, and genomic data for disease-resistant and climate-

resilient cassava breeding. 

2. Objectives of the Review 

This review aims to synthesize current knowledge on the 

emerging role of geospatial technologies and genomic tools in 

cassava improvement, particularly for disease surveillance 

and resistance breeding in Africa. Cassava production across 

the continent is increasingly threatened by viral and bacterial 

diseases, climate variability, and limited access to improved 

varieties. Integrating spatial technologies such as Geographic 

Information Systems (GIS) and remote sensing with modern 

genomic tools provides new opportunities to enhance disease 

monitoring and accelerate the development of resistant cas-

sava varieties [10, 11]. One of the key objectives of this review 

is to examine the role of GIS and remote sensing technologies 

in monitoring and mapping cassava diseases across different 

agro-ecological environments. GIS enables the spatial analy-
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sis and visualization of disease distribution, allowing re-

searchers to identify hotspots of infection and assess the influ-

ence of environmental factors such as climate, soil conditions, 

and cropping systems on disease spread. Spatial epidemiolog-

ical studies have shown that GIS-based analyses can effec-

tively map the distribution of cassava mosaic disease and cas-

sava brown streak disease across Africa, thereby supporting 

early warning systems and targeted management strategies [9, 

10]. 

Remote sensing technologies further strengthen disease sur-

veillance by providing large-scale and real-time information 

on crop health. Satellite-based vegetation indices such as the 

Normalized Difference Vegetation Index (NDVI) and En-

hanced Vegetation Index (EVI) can detect plant stress caused 

by pathogens before visible symptoms appear. Advances in 

drone-based imaging and hyperspectral sensors have also en-

abled high-resolution monitoring of crop conditions and early 

detection of disease outbreaks in agricultural landscapes [12, 

13]. These technologies provide valuable tools for improving 

plant disease monitoring and supporting precision agriculture 

systems. Another important objective of this review is to ex-

plore the contribution of genomic tools to cassava disease re-

sistance breeding. Recent advances in plant genomics have 

significantly improved the ability of breeders to identify ge-

netic loci associated with important traits such as disease re-

sistance, yield stability, and environmental adaptation. High-

throughput sequencing technologies, including single nucleo-

tide polymorphism (SNP) genotyping and genotyping-by-se-

quencing (GBS), have enabled the characterization of genetic 

diversity within cassava populations and the identification of 

markers linked to resistance genes [14]. These genomic tools 

facilitate modern breeding approaches such as marker-assisted 

selection (MAS) and genomic selection (GS). Marker-assisted 

selection allows breeders to screen breeding populations for 

specific resistance genes, thereby accelerating the selection 

process. Similarly, genomic selection uses genome-wide 

marker data to predict the breeding value of genotypes, which 

significantly reduces the time required to develop improved 

cassava varieties [11]. The integration of genomic technolo-

gies into cassava breeding programs has therefore become an 

important strategy for developing varieties resistant to major 

diseases affecting cassava production in Africa. 

The final objective of this review is to highlight strategies for 

integrating spatial technologies with genomic data to enhance 

cassava improvement programs in Africa. Combining environ-

mental datasets such as climate variables, soil characteristics, and 

disease distribution patterns with genomic information enables 

researchers to identify genotype-environment relationships and 

adaptive genetic variation across landscapes. This integrated ap-

proach, often referred to as landscape genomics or geospatial ge-

nomics, allows researchers to better understand how environmen-

tal conditions influence the distribution of beneficial alleles re-

lated to disease resistance and stress tolerance [15]. Such integra-

tion can improve the identification of suitable breeding environ-

ments, guide the deployment of improved cassava varieties, and 

support predictive modeling of disease risk under future climate 

scenarios. As cassava is cultivated across highly diverse agro-

ecological zones in Africa, the use of geospatial genomics can 

enhance breeding efficiency by ensuring that newly developed 

varieties are adapted to specific environmental conditions and 

disease pressures [9]. Ultimately, integrating GIS, remote sensing, 

and genomic tools provides a comprehensive framework for ac-

celerating cassava improvement and strengthening food secu-

rity across the African continent. 

3. Major Cassava Diseases Affecting 

Productivity 

Cassava production in Africa is severely constrained by 

several diseases, among which viral and bacterial diseases are 

the most destructive. Among these, Cassava Mosaic Disease 

(CMD), Cassava Brown Streak Disease (CBSD), and Cassava 

Bacterial Blight (CBB) are considered the most economically 

important diseases affecting cassava productivity across the 

continent. These diseases significantly reduce yield, compro-

mise root quality, and threaten food security in many cassava-

growing regions [10, 16]. Cassava Mosaic Disease (CMD) is 

one of the most devastating diseases affecting cassava produc-

tion in Africa. The disease is caused by a complex of cassava 

mosaic begomoviruses (CMBs) belonging to the family Gem-

iniviridae. The most common viral species associated with 

CMD include African cassava mosaic virus (ACMV) and East 

African cassava mosaic virus (EACMV) and their variants 

[10]. CMD is primarily transmitted by the whitefly vector Be-

misia tabaci as well as through infected stem cuttings used as 

planting material. The disease is characterized by typical 

symptoms such as leaf mosaic patterns, chlorosis, leaf distor-

tion, and stunted plant growth, which ultimately reduce pho-

tosynthetic capacity and root development [17, 18]. The dis-

ease is widespread across all cassava-growing regions of Af-

rica and remains a major constraint to cassava productivity. 

Severe infections can cause significant yield losses, some-

times exceeding 80%, depending on the cassava genotype, vi-

rus strain, and environmental conditions. Co-infection by 

ACMV and EACMV has been reported to cause crop losses 

of up to 82% in susceptible varieties [10, 19]. 

Cassava Brown Streak Disease (CBSD) is another major vi-

ral disease that threatens cassava production, particularly in 

eastern and central Africa. The disease is caused by cassava 

brown streak viruses (CBSVs) belonging to the genus Ipo-

movirus in the family Potyviridae [20]. CBSD is transmitted 

by the whitefly Bemisia tabaci and through infected planting 

materials. Unlike CMD, CBSD symptoms may appear mild 

on leaves but cause severe damage to cassava roots. Infected 

plants often exhibit leaf chlorosis, brown streaks on stems, and 

necrotic lesions in storage roots. Root necrosis renders cas-

sava roots unmarketable and unsuitable for consumption, 

leading to significant economic losses [16, 19]. Yield losses 

associated with CBSD can reach up to 70% in heavily infected 
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fields. In addition to reducing yield, the disease significantly 

affects root quality, making it a major threat to both food se-

curity and cassava-based agro-industries in affected regions 

[16]. Cassava Bacterial Blight (CBB) is a destructive bacterial 

disease caused by Xanthomonas axonopodis pv. manihotis. 

The disease occurs widely in tropical cassava-growing regions 

and has been reported across Africa, Latin America, and Asia 

[21, 22]. CBB is spread primarily through infected planting 

materials, contaminated tools, and rain splash, which facili-

tates bacterial dispersal between plants. The disease is charac-

terized by water-soaked leaf lesions, angular leaf spots, wilt-

ing, leaf blight, and dieback of stems. Under severe infection, 

defoliation and plant death may occur, significantly reducing 

root yield and plant vigor [22]. Yield losses caused by CBB 

vary widely depending on environmental conditions and cul-

tivar susceptibility but can exceed 20–30% in susceptible va-

rieties under favorable conditions for disease development. 

The disease remains a persistent constraint to cassava produc-

tivity, particularly in regions with high rainfall and humidity 

that favor bacterial spread [22]. 

4. Limitations of Conventional Breeding 

Approaches for Cassava Disease 

Resistance 

Despite significant progress in cassava improvement, con-

ventional breeding approaches face several constraints that 

limit their efficiency in developing disease-resistant varieties. 

Traditional cassava breeding relies heavily on phenotypic se-

lection and multi-location field evaluations, which are often 

slow, resource-intensive, and influenced by environmental 

factors. These limitations have prompted the exploration of 

modern approaches such as genomic selection, high-through-

put phenotyping, and geospatial analysis to accelerate breed-

ing programs [15, 23]. 

5. Time-consuming Phenotyping 

One of the major limitations of conventional cassava breed-

ing is the long duration required for phenotypic evaluation of 

traits, including disease resistance. Cassava has a relatively 

long growth cycle, typically ranging from 12 to 18 months, 

which significantly slows the breeding process because breed-

ers must wait for plants to reach maturity before evaluating 

root and disease-related traits [23, 24]. Furthermore, conven-

tional breeding programs depend heavily on field-based phe-

notypic selection, which involves evaluating large breeding 

populations across several years and locations. This process is 

labor-intensive, costly, and often limited in throughput, re-

stricting the number of genotypes that can be effectively as-

sessed [25]. In many breeding programs, selection cycles 

based solely on phenotypic data can take four to six years or 

more, largely due to the need for repeated field trials and veg-

etative propagation of planting materials [26]. These extended 

evaluation cycles delay the release of improved varieties and 

reduce the overall rate of genetic gain in cassava breeding pro-

grams. 

6. Environmental Variability Affecting 

Disease Expression 

Another major limitation of conventional breeding is the 

strong influence of environmental factors on the expression of 

disease resistance traits. Disease severity in cassava is often 

affected by environmental conditions such as temperature, 

rainfall, soil fertility, and vector populations. As a result, phe-

notypic expressions of resistance traits can vary significantly 

across different locations and seasons [27, 28]. This phenom-

enon, known as genotype-by-environment interaction (G×E), 

complicates the identification of stable disease-resistant gen-

otypes. Studies have shown that environmental effects can 

contribute substantially to phenotypic variation in cassava dis-

ease resistance traits, often resulting in low to moderate herit-

ability and reduced selection accuracy [29]. Because of these 

environmental influences, breeders must conduct multi-envi-

ronment trials to reliably evaluate resistance, which increases 

both the cost and duration of breeding programs. In some 

cases, environmental variation can mask genetic resistance, 

making it difficult to identify truly resistant genotypes. 

7. Limited Spatial Integration in 

Breeding Programs 

Traditional cassava breeding programs typically rely on lo-

calized field trials and experimental stations, which limit the 

integration of spatial information related to disease distribu-

tion, climate variability, and agro-ecological conditions [30]. 

Consequently, breeding strategies may not fully capture the 

geographic variability of disease pressures across cassava-

growing regions. For example, disease outbreaks such as cas-

sava mosaic disease and cassava brown streak disease often 

exhibit strong spatial patterns linked to climate, vector distri-

bution, and cropping systems, which are not always consid-

ered in conventional breeding frameworks [31]. Integrating 

geospatial tools such as Geographic Information Systems 

(GIS), remote sensing, and spatial epidemiological models 

can improve the understanding of disease dynamics and sup-

port more targeted breeding strategies. Without such integra-

tion, conventional breeding approaches may fail to address lo-

cation-specific disease pressures and environmental con-

straints. 

8. Emergence of Geospatial Genomics in 

Crop Improvement 

The rapid advancement of genomics, spatial analysis, and 
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environmental monitoring technologies has led to the emer-

gence of geospatial genomics, an interdisciplinary approach 

that integrates genomic information with spatially explicit en-

vironmental and geographic data. This approach has become 

increasingly important in crop science because plant perfor-

mance and adaptation are strongly influenced by spatial envi-

ronmental heterogeneity. Linking genetic variation with envi-

ronmental variables across landscapes, geospatial genomics 

provides a powerful framework for understanding crop adap-

tation, identifying disease-resistant genotypes, and guiding 

climate-resilient breeding strategies [32, 33]. Geospatial ge-

nomics, sometimes referred to as landscape genomics or spa-

tial genomics, focuses on identifying associations between ge-

netic variation and environmental gradients across geographic 

landscapes. The approach combines tools from population ge-

netics, geographic information systems (GIS), and environ-

mental modeling to investigate how natural or artificial selec-

tion shapes genetic diversity in crops and their wild relatives 

[32, 34]. In crop improvement programs, geospatial genomics 

enables researchers to detect adaptive genetic loci associated 

with environmental conditions such as temperature, rainfall, 

soil characteristics, and disease pressure. These insights are 

particularly valuable for crops like cassava that are grown 

across highly diverse agro-ecological zones in Africa. By 

identifying alleles linked to adaptation or resistance traits, 

breeders can accelerate the development of varieties that per-

form well under specific environmental conditions [33]. 

Another important contribution of geospatial genomics is 

its role in understanding genotype-environment interactions 

(G×E). Traditional breeding programs often struggle to iden-

tify stable genotypes across diverse environments due to 

strong environmental influences on trait expression. Geospa-

tial genomics addresses this challenge by incorporating envi-

ronmental covariates into genomic analyses, thereby improv-

ing the accuracy of selection and prediction of crop perfor-

mance across landscapes [29]. The approach has also gained 

importance in addressing challenges associated with climate 

change, which is expected to alter disease distribution, vector 

dynamics, and crop productivity. Combining genomic and 

spatial environmental data, researchers can predict how crop 

populations may respond to future climate scenarios and iden-

tify genetic resources suitable for climate-resilient breeding 

programs [33]. 

9. Integration of Spatial Data with 

Genomic Datasets 

A key feature of geospatial genomics is the integration of 

spatial environmental datasets with genomic information to 

better understand crop adaptation and disease resistance. Spa-

tial datasets may include climate variables (temperature, rain-

fall, humidity), soil characteristics, land use patterns, and dis-

ease distribution maps derived from field surveys or remote 

sensing technologies. These environmental layers are typi-

cally analyzed using geographic information systems (GIS) 

and spatial statistical methods [34]. Genomic datasets, on the 

other hand, are generated using high-throughput sequencing 

technologies such as single nucleotide polymorphism (SNP) 

genotyping, whole-genome sequencing, and genotyping-by-

sequencing (GBS). These genomic markers provide detailed 

information on genetic variation within breeding populations 

or germplasm collections [31]. The integration of these da-

tasets is commonly achieved through environmental associa-

tion analysis (EAA) and genotype-environment association 

studies, which identify correlations between genetic markers 

and environmental variables. Such analyses can reveal ge-

nomic regions that contribute to adaptation to specific envi-

ronmental conditions or resistance to diseases [32]. In recent 

years, advances in remote sensing and geospatial technologies 

have further enhanced the potential of geospatial genomics. 

Satellite imagery, drone-based phenotyping, and climate data 

platforms allow researchers to collect high-resolution environ-

mental information across large geographic areas. When com-

bined with genomic data, these tools enable the development 

of predictive models that identify optimal breeding sites, de-

tect disease hotspots, and guide the deployment of improved 

crop varieties [30]. For crops such as cassava, which are cul-

tivated across diverse ecological regions in Africa, the integra-

tion of spatial and genomic datasets offers significant oppor-

tunities for improving disease resistance and productivity. 

Linking field phenotypes, environmental conditions, and ge-

netic information, geospatial genomics provides a more holis-

tic approach to crop improvement compared with traditional 

breeding methods. 

10. Conceptual Framework of Geospatial 

Genomics 

The concept of geospatial genomics integrates genomic in-

formation with spatially explicit environmental and geo-

graphic data to understand crop adaptation, disease dynamics, 

and genetic diversity across landscapes. This framework pro-

vides a systematic approach for combining genetic, environ-

mental, and spatial information to accelerate breeding pro-

grams, particularly for disease-resistant crops such as cassava 

in Africa. Landscape genomics refers to the study of the rela-

tionship between genomic variation and environmental heter-

ogeneity across landscapes. It combines population genetics 

with ecological and geographic analyses to identify adaptive 

genetic loci associated with environmental gradients or dis-

ease pressures [36]. Spatial genetics focuses on the distribu-

tion of genetic variation within and among populations in a 

spatial context. By incorporating spatial structure into genetic 

analyses, researchers can detect patterns of gene flow, local 

adaptation, and genetic clustering, which are critical for de-

signing effective breeding strategies and conservation plans 
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[34]. Environmental association analysis (EAA) is a key ana-

lytical principle within geospatial genomics. It identifies asso-

ciations between genetic markers and environmental variables 

such as temperature, precipitation, soil type, or disease inci-

dence. These analyses allow researchers to link adaptive traits, 

including disease resistance, to specific environmental condi-

tions, enhancing predictive breeding and targeted germplasm 

deployment [37]. 

10.1. Components of Geospatial Genomics 

The geospatial genomics framework for crop improvement 

is founded on the integration of three complementary compo-

nents that together enable a comprehensive understanding of 

genotype–environment interactions. First, Geographic Infor-

mation Systems (GIS) provides a critical platform for visual-

izing, mapping, and analyzing spatial patterns of environmen-

tal variables and disease occurrence. Through GIS, research-

ers can identify disease hotspots, examine environmental gra-

dients, and explore spatial correlations between genomic var-

iation and ecological factors, which is particularly valuable for 

understanding the distribution of viral diseases in cassava 

across Africa [38]. Second, remote sensing technologies offer 

high-resolution phenotypic and environmental data using sat-

ellite imagery, unmanned aerial vehicles (UAVs), and hyper-

spectral sensors. These technologies enable the assessment of 

vegetation indices, spectral signatures, and early signs of plant 

stress, thereby facilitating large-scale monitoring of crop 

health. When combined with GIS, remote sensing provides a 

dynamic toolset for detecting disease outbreaks and environ-

mental constraints that may influence genetic expression [39]. 

Third, the integration of genomic data introduces the genetic 

dimension necessary for precision breeding. High-throughput 

genotyping platforms, including single nucleotide polymor-

phism (SNP) markers, genotyping-by-sequencing (GBS), and 

whole-genome sequencing, generate detailed genetic profiles 

that allow for the identification of alleles linked to disease re-

sistance and environmental adaptation. When these genomic 

datasets are overlaid with spatial and environmental infor-

mation, researchers can perform genotype-environmental as-

sociation analyses that directly inform breeding decisions and 

accelerate the selection of superior genotypes [35, 40]. The 

intersection of GIS, remote sensing, and genomic data estab-

lishes a holistic geospatial genomics framework, linking envi-

ronmental variability, disease dynamics, and genetic diversity. 

This integrated approach provides the basis for more precise 

and efficient breeding strategies, enabling the development of 

cassava varieties that are both resilient to disease and opti-

mized for performance across diverse agroecological zones. 

10.2. Applications in Crop Disease Resistance 

Research 

The geospatial genomics framework has emerged as a pow-

erful tool for advancing disease resistance research in crops, 

particularly in cassava, which is highly susceptible to viral dis-

eases such as cassava mosaic disease (CMD) and cassava 

brown streak disease (CBSD). One of the primary applications 

of this approach is the identification of disease-resistant gen-

otypes. By correlating spatial patterns of disease incidence 

with genomic variation, researchers can pinpoint alleles that 

confer resistance to viral, bacterial, or fungal pathogens. This 

method has been effectively applied in cassava to identify re-

sistance loci associated with CMD and CBSD, providing val-

uable targets for breeding programs [38, 41]. 

In addition to identifying resistant genotypes, geospatial ge-

nomics facilitates predictive modeling of disease outbreaks. 

Remote sensing technologies, combined with GIS, allow for 

the continuous monitoring of disease progression and environ-

mental conditions that favor pathogen spread. When inte-

grated with genotypic data, these spatial analyses enable the 

prediction of disease risk across landscapes, supporting early 

intervention and disease management strategies [39, 42]. The 

framework also contributes to guiding germplasm deployment, 

ensuring that disease-resistant varieties are strategically 

placed in agroecologically suitable regions. This targeted 

placement optimizes environmental adaptation and minimizes 

losses due to pathogen pressure or other abiotic stresses, ulti-

mately improving both crop performance and food security 

[43]. Moreover, geospatial genomics enhances breeding effi-

ciency by integrating spatial and genomic datasets to prioritize 

candidate genotypes for multi-environment trials. This inte-

gration reduces the time and cost associated with traditional 

breeding approaches while increasing the likelihood of select-

ing stable, disease-resistant varieties that perform well across 

diverse agroecological conditions [40]. 

10.3. Geographic Information Systems (GIS) in 

Cassava Disease Mapping 

Geographic Information Systems (GIS) have become es-

sential tools in agricultural research, providing methods to vis-

ualize, analyze, and interpret spatial data related to crop pro-

duction, disease incidence, and environmental conditions. By 

applying GIS techniques, researchers can better understand 

patterns in agricultural landscapes, identify areas of high risk 

for diseases, and support decision-making in crop improve-

ment programs. Spatial interpolation is a GIS technique used 

to estimate values of a variable at unsampled locations based 

on observed data from sampled points. In agriculture, this 

method is widely applied to map soil properties, disease inci-

dence, yield variability, and climatic factors across fields or 

regions [44]. Common interpolation methods include Inverse 

Distance Weighting (IDW), Kriging, and Spline interpolation, 

which allow researchers to generate continuous surfaces from 

discrete data points. For example, Kriging has been employed 

to map cassava mosaic disease severity across multiple dis-

tricts, enabling breeders and extension agents to identify 

hotspots and prioritize management interventions [41, 45]. 

Spatial interpolation also supports precision agriculture by 
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providing detailed environmental layers that can be integrated 

with genomic data to predict genotype-environment interac-

tions. 

Kernel density mapping is a spatial analysis technique that 

calculates the density of events or features within a defined 

neighborhood, producing a smooth surface representing con-

centrations or clusters. In agricultural research, kernel density 

mapping is often used to identify disease hotspots, pest infes-

tations, or high-risk zones across landscapes [44]. For instance, 

kernel density maps have been applied to visualize the distri-

bution of cassava brown streak disease vectors and detect ar-

eas where disease pressure is highest. By highlighting these 

zones, researchers can guide targeted field sampling, resource 

allocation, and the deployment of disease-resistant varieties 

[41]. This method is particularly useful for planning interven-

tions in heterogeneous landscapes where disease incidence is 

unevenly distributed. Spatial autocorrelation measures the de-

gree to which a spatial variable is correlated with itself over 

space. Positive spatial autocorrelation indicates that similar 

values cluster together, whereas negative autocorrelation sug-

gests dispersion. In agricultural research, spatial autocorrela-

tion analyses help determine whether disease occurrences, 

yield patterns, or pest infestations are randomly distributed 

or exhibit spatial dependence [46, 47]. Metrics such as Mo-

ran’s I, Geary’s C, and Getis-Ord Gi* are commonly used 

to quantify spatial autocorrelation. Understanding the spa-

tial structure of disease incidence or crop traits is critical 

for developing targeted breeding strategies and for design-

ing sampling schemes that accurately capture field varia-

bility [47]. For cassava, spatial autocorrelation studies have 

been applied to evaluate the clustering of disease severity 

and guide the placement of experimental plots for re-

sistance evaluation. 

10.4. GIS-based Mapping of Cassava Diseases 

Mapping cassava diseases using Geographic Information 

Systems (GIS) has become a critical tool for understanding 

disease prevalence, distribution, and spread patterns across 

African agro-ecologies. By combining field survey data with 

spatial analysis techniques, researchers can identify hotspots 

of disease, guide sampling strategies, and inform targeted in-

terventions for breeding and management of resistant cassava 

varieties. Disease prevalence mapping involves the spatial 

representation of disease incidence and severity across geo-

graphic areas. GIS enables researchers to visualize the distri-

bution of major cassava diseases such as cassava mosaic dis-

ease (CMD) and cassava brown streak disease (CBSD), high-

lighting areas with high infection rates and identifying trends 

over time. For example, studies in East and Central Africa 

have used GIS to map CMD and CBSD prevalence across 

multiple districts, revealing both localized outbreaks and re-

gional patterns influenced by environmental factors such as 

temperature, rainfall, and cropping practices [48, 49]. These 

maps allow breeders and extension agents to prioritize high-

risk areas for disease monitoring, resistance screening, and 

targeted deployment of improved varieties. 

GIS-based prevalence mapping also facilitates the integra-

tion of temporal data, enabling the tracking of disease progres-

sion over multiple planting seasons. This dynamic mapping 

supports the evaluation of disease management strategies and 

the assessment of long-term effectiveness of resistant varieties 

[45]. Many cassava diseases, particularly CMD and CBSD, 

are transmitted by insect vectors, primarily whiteflies (Be-

misia tabaci). Understanding the spatial distribution of these 

vectors is critical for predicting disease spread and designing 

effective control measures. GIS techniques can be used to an-

alyze vector density, dispersal patterns, and habitat suitability, 

providing insights into areas with the highest risk of disease 

transmission [48, 50]. Kernel density mapping, spatial auto-

correlation, and hotspot analysis are commonly applied to 

identify clusters of vector populations, which often correlate 

with regions of high disease incidence. When vector distribu-

tion maps are combined with environmental variables such as 

temperature, humidity, and land use, predictive models can be 

developed to forecast outbreaks and guide integrated pest 

management strategies [41]. Vector distribution analysis is es-

pecially valuable in cassava-growing regions where environ-

mental heterogeneity and farming practices influence vector 

population dynamics. These GIS-driven insights are critical 

for improving the efficiency of cassava breeding programs by 

enabling the strategic placement of disease-resistant geno-

types in areas most susceptible to vector-borne disease 

pressure. Geographic Information Systems (GIS) play a 

critical role in breeding site selection for crops such as cas-

sava by integrating environmental, climatic, and disease 

data to identify optimal locations for field trials and variety 

evaluation. Proper site selection ensures that breeding pro-

grams accurately capture genotype-environment interac-

tions and evaluate disease resistance under relevant agro-

ecological conditions. 

10.5. Agro-ecological Zoning 

Agro-ecological zoning (AEZ) involves the classification 

of land into zones based on climatic, edaphic, and topographic 

factors that influence crop growth and productivity. GIS facil-

itates AEZ by integrating spatial data on temperature, rainfall, 

soil type, altitude, and land used to delineate areas suitable for 

cassava cultivation [51, 52]. Using AEZ, breeders can strate-

gically select sites that represent major environmental gradi-

ents, ensuring that experimental trials capture the full range of 

conditions under which cassava varieties may be grown. This 

approach improves the reliability of disease resistance screen-

ing and helps identify genotypes that are broadly adapted or 

specifically adapted to agro-ecologies [43]. AEZ also supports 

long-term planning by highlighting areas vulnerable to cli-

mate change, thereby informing the development of resilient 

cassava varieties. 
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10.6. Disease Hotspot Identification 

Identifying disease hotspots is essential for evaluating cas-

sava genotypes under realistic pathogen pressure. GIS-based 

analysis enables the mapping of areas with consistently high 

incidence of diseases such as cassava mosaic disease (CMD) 

and cassava brown streak disease (CBSD) [53, 54]. By com-

bining historical disease survey data with environmental and 

vector distribution layers, GIS helps breeders locate field sites 

where disease pressure is sufficient to differentiate resistant 

and susceptible genotypes. This targeted approach reduces the 

need for artificial inoculation in breeding trials while ensuring 

that selection occurs under natural and relevant disease condi-

tions. Furthermore, disease hotspot identification supports re-

source allocation, allowing breeding programs to focus efforts 

in regions where resistant varieties are most urgently needed. 

Integrating AEZ with disease hotspot data provides a compre-

hensive framework for site selection in cassava breeding pro-

grams, ensuring trials are conducted across diverse environ-

ments and under realistic biotic stress. This approach maxim-

izes the effectiveness of breeding efforts and enhances the 

likelihood of developing cassava varieties that perform well 

across Africa’s varied agro-ecological landscapes. 

10.7. Case Studies from Africa (Geospatial 

Genomics in Cassava Improvement) 

Several studies across Africa have demonstrated the practi-

cal application of GIS, remote sensing, and genomic tools to 

enhance cassava breeding and disease management. These 

case studies provide evidence of how geospatial genomics can 

support the development of disease-resistant varieties and in-

form strategic interventions. In Uganda, Legg et al. [55] con-

ducted a spatio-temporal analysis of CMD prevalence using 

GIS and disease survey data across multiple districts. By map-

ping disease incidence and integrating climatic and vector data, 

the study identified CMD hotspots and key environmental 

drivers of disease spread. These findings informed site selec-

tion for field trials of resistant varieties and supported targeted 

extension interventions. The study also highlighted areas 

where whitefly vector populations were highest, enabling pre-

dictive modeling of disease outbreaks. 

In Tanzania, research by Maruthi et al. [56] applied remote 

sensing and GIS-based disease mapping to assess CBSD prev-

alence. Using vegetation indices derived from satellite im-

agery combined with field observations, the study success-

fully detected early symptoms of CBSD and identified regions 

at highest risk for spread. These spatial analyses guided breed-

ing programs by selecting trial sites in disease-prone zones 

and helped prioritize resistant genotypes for farmer dissemi-

nation. A study in Nigeria combined genomic selection with 

GIS-based agro-ecological zoning to improve cassava breed-

ing efficiency [57]. Genomic data, including SNP markers 

linked to disease resistance, were integrated with spatial envi-

ronmental data to identify genotypes adapted to specific eco-

logical zones. This approach enabled strategic deployment of 

resistant varieties in regions prone to CMD and CBSD, im-

proving the effectiveness of breeding programs and reducing 

yield losses. 

Legg et al. [58] conducted a multi-country disease surveil-

lance program across Uganda, Kenya, and Tanzania, mapping 

both CMD and CBSD incidence using GIS and spatial model-

ing. The study revealed cross-border disease dynamics and the 

role of environmental and vector factors in spreading disease. 

Integrating spatial epidemiology with breeding programs, the 

research supported the regional targeting of resistant varieties 

and informed policy interventions for disease management. A 

recent study conducted a geo-referenced survey in cassava 

fields across Sierra Leone to identify and map the distribution 

of cassava mosaic disease-associated begomoviruses [59]. Re-

searchers sampled cassava leaves from 109 smallholder farms 

and performed molecular diagnostics, revealing the preva-

lence and spatial distribution of viral strains, including African 

cassava mosaic-like (ACMV-like) and East African cassava 

mosaic-like (EACMV-like) viruses. The study also detected 

the East African cassava mosaic Cameroon virus 

(EACMCMV) variant in several regions of the country, high-

lighting significant disease presence across multiple agro-eco-

logical zones. 

10.8. Remote Sensing Technologies in 

Agriculture 

Remote sensing has emerged as a powerful tool in modern 

agriculture, offering non-destructive, scalable, and rapid de-

tection of crop conditions, including disease stress. Its appli-

cation addresses the limitations of traditional field scouting 

and laboratory diagnostics, which are often labor-intensive, 

costly, and slow [60-62]. In the context of cassava (Manihot 

esculenta Crantz), one of the world’s most important staple 

crops, remote sensing enables early, systematic detection of 

diseases such as Cassava Mosaic Disease (CMD), Cassava 

Brown Streak Disease (CBSD), and bacterial blight, which 

threaten food security across Africa and other tropical regions. 

10.9. Satellite Imagery 

Satellite remote sensing involves the use of Earth-orbiting 

sensors to capture reflectance data across spectral bands, ena-

bling assessment of vegetation properties at regional scales. 

Vegetation indices derived from satellite imagery, such as the 

normalized difference vegetation index (NDVI), exploit dif-

ferences in plant reflectance across red and near-infrared 

wavelengths to quantify crop health and stress (e.g., water 

stress, nutrient deficiency, disease) over broad landscapes. 

These indices correlate with chlorophyll content, leaf area, 

and canopy structure, which are influenced by disease pro-

gression [63]. In cassava systems, satellite-based approaches 
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have been integrated with machine learning and meteorologi-

cal data to map and predict outbreaks of CMD, demonstrating 

that satellite time series combined with predictive models can 

improve detection accuracy beyond conventional field survey 

methods [64]. The strengths of satellite imagery include wide 

spatial coverage and systematic temporal revisits, making it 

suitable for monitoring large agricultural regions and seasonal 

disease dynamics. However, its limitations, notably moderate 

spatial resolution and susceptibility to cloud cover, can restrict 

the ability to detect early, subtle disease symptoms at the indi-

vidual plant level [63]. 

10.10. UAV / Drone Imaging 

Unmanned aerial vehicles (UAVs), or drones, have gained 

traction in agricultural remote sensing because they can carry 

lightweight sensors over fields at low altitude, capturing high-

resolution imagery that reveals detailed crop conditions [65]. 

UAV platforms have been extensively reviewed for detecting 

plant diseases, and studies indicate that combining UAV im-

agery with advanced deep learning models improves identifi-

cation of disease symptoms in crops under field conditions [65, 

66]. In cassava disease detection, UAV systems equipped with 

multispectral and RGB sensors have been applied alongside 

convolutional neural networks and Transformer-based archi-

tectures to classify healthy and diseased plants [65, 66]. Alt-

hough there is significant potential, current research highlights 

methodological limitations such as scarce labeled datasets, in-

consistent annotation standards, and limited geographic trans-

ferability of models, which affect both reliability and scalabil-

ity of disease detection across diverse environments [65]. 

Nonetheless, UAV imaging remains a critical bridge between 

fine-scale field observations and scalable disease monitoring, 

offering flexibility in flight planning, sensor payloads, and re-

visit schedules. 

10.11. Multispectral and Hyperspectral 

Imaging 

Multispectral sensors record reflectance in a limited num-

ber of broad spectral bands (e.g., red, green, near infrared). 

These data enable computation of vegetation indices sensitive 

to physiological changes associated with disease stress. In cas-

sava, handheld active multispectral imaging combined with 

machine learning has been shown to detect early CBSD infec-

tion as soon as 28 days after inoculation, outperforming tradi-

tional visual inspection by identifying spectral and spatial pat-

terns indicative of virus presence [67]. Hyperspectral imaging 

(HSI) captures reflectance across hundreds of contiguous nar-

row bands, providing rich spectral information that facilitates 

discrimination of subtle biochemical and physiological 

changes in plant tissues. Recent research combining HSI with 

machine learning demonstrates high accuracy in diagnosing 

cassava bacterial blight, with models such as support vector 

machines (SVM) achieving >90% classification accuracy by 

differentiating spectral signatures of healthy and infected 

leaves [68]. Broad reviews of hyperspectral image analysis 

confirm the ability of these systems to detect early disease 

symptoms, differentiate stress types, and integrate with ma-

chine learning for enhanced crop disease identification [69, 

70]. Multispectral imaging offers practical affordability and 

ease of deployment, whereas hyperspectral systems provide 

superior spectral resolution and sensitivity to biochemical 

changes. However, both technologies face challenges related 

to data complexity, sensor calibration, and the computational 

demands of machine learning pipelines. Hyperspectral sys-

tems, in particular, generate large data volumes requiring so-

phisticated algorithms and substantial computing resources 

for preprocessing and classification [69]. 

10.12. Synthesis and Research Gaps 

A consistent theme across the literature is that remote sens-

ing enhances the timeliness and scalability of crop disease de-

tection compared with traditional methods. Satellite imagery 

provides broad coverage and temporal consistency; UAVs en-

able high-resolution, field-level monitoring; and multispec-

tral/hyperspectral imaging unlocks detailed spectral insights 

into plant physiology. However, research gaps persist, includ-

ing the need for standardized datasets, benchmarking proto-

cols, and cross-regional validation to ensure that models 

trained in one environment generalize elsewhere [71]. Integra-

tion of remote sensing with machine learning continues to 

evolve but requires harmonized methodological frameworks 

and open datasets to accelerate operational deployment for 

cassava disease surveillance [71]. 

10.13. Vegetation Indices for Disease Detection 

Vegetation indices (VIs) are spectral transformations of re-

mote sensing reflectance designed to quantify biophysical and 

biochemical properties of vegetation (e.g., chlorophyll content, 

canopy structure, photosynthetic activity). They play a central 

role in remote sensing applications for agricultural monitoring, 

including early detection of biotic stress such as plant diseases 

[72, 73]. By enhancing spectral signals associated with vege-

tation health, VIs allow researchers to identify stress patterns 

before symptoms become visible, enabling timely interven-

tion strategies. 

10.14. Normalized Difference Vegetation Index 

(NDVI) 

The Normalized Difference Vegetation Index (NDVI) is the 

most widely used VI in agricultural remote sensing. It is cal-

culated as the normalized difference between reflectance in 

the near-infrared (NIR) and red (R) bands, exploiting the fact 

that healthy vegetation strongly reflects NIR radiation and ab-

sorbs red light due to chlorophyll absorption: 
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𝑁𝐷𝑉𝐼 =
𝑁𝐼𝑅−𝑅𝐸𝐷

𝑁𝐼𝑅+𝑅𝐸𝐷
  

NDVI values range between −1 and +1, where higher val-

ues indicate denser, healthier vegetation, while lower values 

suggest sparse vegetation, bare soil, or stressed stands [74, 75]. 

NDVI has been extensively applied across satellite, airborne, 

and UAV platforms for monitoring vegetation health, biomass, 

yield potential, and stress responses, including disease-in-

duced declines in greenness. In disease detection applications, 

NDVI time series analyses can reveal temporal anomalies as-

sociated with pathogen attack, where disease progression typ-

ically leads to reduced chlorophyll content and canopy degra-

dation [74]. Despite its broad utility and simplicity, NDVI can 

saturate under high biomass conditions, reducing sensitivity to 

subtle changes caused by disease in dense canopies [75]. 

10.15. Enhanced Vegetation Index (EVI) 

The Enhanced Vegetation Index (EVI) was developed to 

overcome some limitations of NDVI, particularly its sensitiv-

ity to atmospheric effects and soil background under high bi-

omass conditions. EVI uses reflectance in the blue band in ad-

dition to red and NIR and incorporates adjustment coefficients 

that account for canopy background and aerosol scattering: 

𝐸𝑉𝐼 = 𝐺 +
𝑁𝐼𝑅−𝑅𝑒𝑑

𝑁𝐼𝑅+𝐶1×𝑅𝑒𝑑−𝐶2×𝐵𝑙𝑢𝑒+𝐿
  

Where G, C1, C2, and L are calibration parameters that sta-

bilize the index across different atmospheric and canopy con-

ditions [76]. These corrections enhance EVI’s performance in 

dense vegetation and heterogeneous terrain, making it more 

responsive to canopy structural changes that may occur as a 

result of disease stress. In comparison with NDVI, EVI has 

shown improved discrimination of vegetation vigor under 

challenging conditions, such as nutrient stress, water limita-

tions, and early disease onset, where NDVI’s sensitivity may 

be reduced [76]. While not specific to any single disease type, 

EVI often complements NDVI in time series analysis and ma-

chine learning frameworks used for automated disease detec-

tion. 

10.16. Red-edge Vegetation Indices 

Red edge indices exploit reflectance information in the “red 

edge” spectral region, typically between ~690 nm and ~740 

nm, a transition zone where vegetation reflectance sharply in-

creases due to chlorophyll absorption in the red and strong re-

flectance in the near-infrared. Because this region is closely 

linked to chlorophyll content and leaf biochemical properties, 

red edge indices often provide enhanced sensitivity to plant 

physiological changes compared to traditional indices based 

solely on red and NIR bands [78]. Examples of red edge indi-

ces include the Normalized Difference Red Edge (NDRE) and 

chlorophyll indices derived from red edge bands, which re-

place the red band in the classic NDVI formulation with a red 

edge band [78]. These indices improve the detection of subtle 

changes in plant physiology, particularly under high-density 

canopies or in early stages of stress or disease, where NDVI 

may saturate or fail to discriminate effectively. 

𝑁𝐷𝑅𝐸 =
𝑁𝐼𝑅−𝑅𝑒𝑑-𝐸𝑑𝑔𝑒

𝑁𝐼𝑅+𝑅𝑒𝑑-𝐸𝑑𝑔𝑒
  

Research shows that red edge vegetation indices (VIs) can 

reduce saturation effects observed in NDVI and better dis-

criminate between vegetation types and stress states, particu-

larly in regions with high canopy density [79]. Their stronger 

sensitivity to chlorophyll pigment variations makes them val-

uable for detecting early disturbances such as disease or nutri-

ent imbalances before these manifest in broader structural can-

opy changes detectable by NDVI or EVI. Studies focused on 

red edge VIs confirm that including these bands in remote 

sensing analyses improves vegetation classification and stress 

detection performance, especially when dense vegetation 

would otherwise saturate NDVI signals [79]. 

10.17. Synthesis and Relevance to Disease 

Detection 

In remote sensing applications, particularly for disease de-

tection, vegetation indices (VIs) serve as quantitative indica-

tors of plant health. NDVI’s extensive historical use provides 

a baseline for monitoring vegetation changes over time, while 

EVI enhances sensitivity under dense vegetation and variable 

atmospheric conditions. Red edge indices further expand de-

tection capability by responding sensitively to physiological 

changes in plant pigment content, an important marker of 

early disease stress. A growing body of research demonstrates 

that combining multiple Vis including NDVI, EVI, and red 

edge indices within time series or machine learning frame-

works improves the accuracy and timeliness of disease detec-

tion compared to using any single index alone [77]. These 

multi-index approaches facilitate discrimination between 

healthy and stressed vegetation, enabling more precise detec-

tion of disease onset and progression in crop monitoring sys-

tems. 

10.18. Early Detection of Cassava Diseases 

Early disease detection in cassava relies on identifying sub-

tle changes in plant reflectance patterns before visible symp-

toms emerge. Healthy plant tissues and those affected by path-

ogens exhibit distinct spectral signatures because disease al-

ters leaf biochemical and physiological properties, including 

chlorophyll concentration, water content, and cellular struc-

ture. Hyperspectral imaging captures reflectance across doz-

ens to hundreds of narrow wavelength bands, enabling the ex-

traction of spectral profiles that differ between healthy and 

diseased tissues [80]. In a recent study, researchers imaged 

cassava leaves with a hyperspectral camera covering wave-

lengths from 400–1000 nm and observed that infected leaves 
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exhibited systematic differences in reflectance compared with 

healthy leaves. These spectral differences, especially in the 

near-infrared region, provide a basis for distinguishing dis-

eases from healthy plants [81]. Similarly, controlled experi-

ments using spectral data from cassava plants inoculated with 

viral pathogens demonstrate that spectral information in the 

visible and near-infrared ranges can reveal infection before 

visual symptoms appear, allowing detection several weeks 

earlier than traditional visual scoring [81]. Such findings con-

firm that disease alters leaf spectral signatures in ways that are 

detectable by remote sensing sensors, forming a foundation 

for early disease surveillance. 

10.19. Machine Learning Approaches for 

Disease Classification 

Machine learning has emerged as a powerful tool for clas-

sifying spectral signatures and distinguishing between healthy 

and diseased cassava plants. By training algorithms on anno-

tated spectral data, models can learn complex patterns that tra-

ditional threshold-based methods may miss. Carvalho et al. 

[54] evaluated multiple classification algorithms including 

Support Vector Machine (SVM), Random Forest (RF), and 

Neural Networks on spectral data from cassava leaves infected 

with Xanthomonas phaseoli pv. manihotis. The study found 

that SVM achieved the highest classification accuracy (>91%), 

outperforming other models and demonstrating the effective-

ness of machine learning for spectral classification of cassava 

bacterial blight [82]. In the case of cassava brown streak dis-

ease (CBSD), Peng et al. [53] developed a handheld multi-

spectral imaging system combined with spatial-spectral ma-

chine learning that achieved reliable early detection as early 

as 28 days post-inoculation. Their approach fused spectral and 

spatial information to capture disease signals that are imper-

ceptible to human visual inspection, highlighting how ma-

chine learning models can enhance early and accurate disease 

identification [82]. Beyond spectral methods, deep learning 

models using large image datasets have also been applied to 

classify cassava leaf diseases from RGB and multispectral im-

ages. For instance, Sambasivam et al. [55] designed a hybrid 

deep learning model for cassava leaf disease recognition, 

achieving robust classification across multiple disease catego-

ries. Although focused on image pixels rather than hyperspec-

tral data, this research underscores the versatility of machine 

learning approaches and their capacity to scale detection 

across large datasets with multiple disease types [83]. 

10.20. Advantages and Limitations of Remote 

Sensing and Machine Learning for 

Cassava Disease Detection 

Remote sensing, when integrated with machine learning, 

has emerged as a transformative approach in agricultural dis-

ease monitoring, particularly for cassava (Manihot esculenta). 

This combination enables rapid, non-destructive, and scalable 

detection of diseases, addressing several limitations of tradi-

tional field scouting and laboratory diagnostics. One of the 

most significant advantages of remote sensing is its ability to 

detect physiological and biochemical changes in plants before 

visible symptoms appear. Hyperspectral and multispectral im-

aging capture subtle alterations in reflectance patterns associ-

ated with chlorophyll degradation, water stress, or tissue dam-

age, facilitating early identification of infections such as cas-

sava mosaic disease (CMD) and cassava brown streak disease 

(CBSD) [83, 84]. Early detection allows for timely manage-

ment interventions, potentially reducing crop losses and im-

proving disease control strategies. 

Unlike traditional laboratory-based assays, spectral imag-

ing methods are non-invasive and can be applied repeatedly 

over the crop growth cycle. This feature supports continuous 

monitoring of plant health, allowing researchers and farmers 

to track disease progression and evaluate the effectiveness of 

management interventions without physically harming plants 

[85]. Machine learning models trained on spectral or imaging 

datasets enable rapid and consistent analysis across large ag-

ricultural areas. These models reduce reliance on expert visual 

inspection, automate disease classification, and improve 

throughput for monitoring thousands of plants or large field 

plots. In addition, hybrid deep learning frameworks have 

demonstrated robust performance in classifying multiple cas-

sava leaf diseases, enabling scalable monitoring across diverse 

environments (86). Integration with UAVs or satellite plat-

forms further expands monitoring capabilities across regional 

scales, allowing users to select the most appropriate spatial 

resolution, temporal frequency, and coverage based on re-

search or management objectives. 

10.21. Limitations 

Despite these advantages, several constraints limit the 

widespread adoption of remote sensing and machine learning 

for cassava disease detection. Robust machine learning mod-

els require large, well-labeled datasets that capture the diver-

sity of cassava cultivars, diseases, and environmental condi-

tions. Limited availability of annotated data reduces model 

generalizability and can compromise detection accuracy in 

new or heterogeneous environments [83]. Hyperspectral im-

aging systems and advanced analytical workflows often re-

quire high financial investment and technical expertise in sen-

sor calibration, data preprocessing, and model development. 

This requirement may restrict accessibility in resource-con-

strained regions, particularly in sub-Saharan Africa where cas-

sava is a staple crop [83]. Environmental factors such as light-

ing, soil background, canopy structure, and moisture levels 

can introduce noise into spectral measurements, reducing the 

reliability of disease classification models trained under con-

trolled conditions [84]. Models developed for specific culti-

vars or geographic regions may perform poorly when applied 

elsewhere due to variation in spectral responses induced by 

environmental or genetic differences. This limits the ability to 
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directly scale models across diverse production systems with-

out additional calibration [86]. Complex machine learning 

frameworks, particularly deep learning architectures, may act 

as “black boxes,” making it difficult to identify which spectral 

features are driving classification decisions. Limited interpret-

ability can hinder adoption among stakeholders who require 

clear evidence to support agronomic decision-making [87]. 

10.22. Advances in Cassava Genomics 

Understanding the genomic architecture of cassava (Mani-

hot esculenta Crantz) has been pivotal for advancing disease 

resistance research and breeding programs. Cassava is a 

highly heterozygous, repetitive crop, making genome assem-

bly particularly challenging compared with other crops. How-

ever, the advent of high throughput sequencing technologies 

has transformed cassava from an “orphan crop” to a species 

with rich genomic resources, enabling deeper insight into dis-

ease resistance, trait mapping, and functional genomics [88]. 

The first large scale sequencing efforts for cassava began in 

the late 2000s, utilizing whole genome shotgun (WGS) ap-

proaches that laid the foundation for genome wide studies. 

The initial cassava draft genome revealed a complex genome 

with a high proportion of repetitive elements and provided the 

first comprehensive catalog of predicted genes, enabling sub-

sequent genetic and genomic analyses [89]. These early se-

quencing efforts allowed researchers to begin associating ge-

nomic variation with agronomic traits, including disease re-

sistance, through linkage mapping and genetic diversity stud-

ies. 

Advances in sequencing technologies, especially long read 

sequencing platforms such as Pacific Biosciences (PacBio) 

HiFi and Oxford Nanopore Technologies (ONT), have ena-

bled the generation of haplotype resolved genomes that more 

accurately represent cassava’s diploid nature. For instance, the 

African cassava cultivar TMEB117 has a highly accurate, 

nearly complete haplotype resolved genome that significantly 

improves continuity and completeness, with contig N50 val-

ues exceeding 35 Mbp, and more than 98% completeness 

based on benchmarking universal single copy orthologs 

(BUSCO) scores [90]. These improvements allow researchers 

to better characterize genetic diversity, structural variants, and 

allele specific expression, which are critical for breeding and 

disease resistance studies. Whole genome sequencing ef-

forts have also uncovered large structural variations and 

unique genomic features among cassava cultivars, high-

lighting the substantial genetic diversity within the species 

and providing a foundation for marker development and 

comparative genomics [91]. The identification of genomic 

variation through resequencing hundreds of accessions has 

been instrumental for genome wide association studies 

(GWAS) and the discovery of loci associated with agro-

nomic traits, which can be tailored towards disease re-

sistance breeding strategies [92]. 

10.23. Cassava Reference Genome 

The establishment and continuous improvement of refer-

ence genomes have underpinned cassava genomics and dis-

ease research. The first cassava reference genome was pro-

duced using a combination of Sanger and 454 sequencing data 

and subsequently refined into chromosome-level assemblies 

that integrated genetic maps and advanced scaffolding tech-

nologies. These initial assemblies anchored thousands of 

genes to linkage groups, enabling trait mapping and gene dis-

covery [93]. Over the past decade, reference genome quality 

has progressively improved through the integration of long 

read sequencing, Hi-C chromatin conformation capture, and 

enhanced assembly algorithms, resulting in near telomere-to-

telomere (T2T) genomes with significantly higher continuity 

and completeness [94]. Multiple high-quality reference ge-

nomes now exist for different cassava genotypes, including 

African and South American landraces, enabling comparative 

genomics and reference-guided analyses across diverse ge-

netic backgrounds. These refined reference genomes have fa-

cilitated pan-genome construction, which aggregates the ge-

netic content of multiple cassava accessions to better capture 

structural variants, presence–absence variations, and gene 

families that are missing or underrepresented in single refer-

ence assemblies. Pan-genomes are especially valuable for 

identifying disease resistance genes and understanding the 

evolutionary dynamics of traits relevant to stress adaptation 

and pathogen defense [95]. Collectively, these genomic ad-

vances from improved whole genome sequencing to multiple 

high-quality reference and pan-genomes have equipped re-

searchers with robust tools to elucidate the genetic basis of 

disease resistance and integrate genomic selection into cas-

sava breeding programs [96]. 

10.24. Genomic Tools for Cassava Disease 

Resistance 

Genomic technologies have revolutionized cassava re-

search by providing deeper insights into the genetic mecha-

nisms underlying disease resistance and other agronomic traits. 

Cassava (Manihot esculenta Crantz) is a staple crop for mil-

lions of people in tropical regions, particularly in sub-Saharan 

Africa. However, its productivity is severely constrained by 

diseases such as cassava mosaic disease (CMD), cassava 

brown streak disease (CBSD), and cassava bacterial blight 

(CBB). Traditional breeding methods for disease resistance 

are often slow because cassava is highly heterozygous and 

clonally propagated. The development of genomic tools, 

particularly whole-genome sequencing and high-quality 

reference genomes, has accelerated the identification of re-

sistance genes and genomic regions associated with disease 

tolerance. 
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10.25. Advances in Cassava Genomics 

Whole-genome sequencing (WGS) has significantly en-

hanced the understanding of cassava genome structure, ge-

netic diversity, and evolutionary history. Early genomic stud-

ies generated the first draft sequence of the cassava genome, 

revealing approximately 30,000 predicted genes and provid-

ing insights into gene families associated with starch biosyn-

thesis, stress responses, and disease resistance [97]. Subse-

quent improvements in sequencing technologies enabled 

deeper exploration of genetic variation in cassava populations. 

Whole-genome resequencing studies have identified millions 

of single nucleotide polymorphisms (SNPs) and structural 

variations across cultivated and wild cassava accessions, high-

lighting the extensive genetic diversity available for crop im-

provement [98]. These genomic variants serve as important 

markers for identifying loci associated with disease resistance 

and other agronomic traits. Advances in long-read sequencing 

technologies, such as PacBio and Oxford Nanopore sequenc-

ing, have further improved genome assembly quality by re-

solving repetitive regions and complex genomic structures. 

These technologies allow the generation of haplotype-re-

solved genome assemblies, which are particularly important 

for highly heterozygous crops like cassava. High-quality ge-

nome assemblies facilitate genome-wide association studies 

(GWAS), quantitative trait locus (QTL) mapping, and the 

identification of candidate genes involved in plant immune re-

sponses and pathogen resistance mechanisms [98]. Whole-ge-

nome sequencing also supports comparative genomic analyses 

between cassava and related species, enabling researchers to 

identify conserved defense pathways and gene families in-

volved in pathogen recognition, signaling, and resistance re-

sponses. Such information is essential for developing ge-

nomics-assisted breeding strategies aimed at improving dis-

ease resistance in cassava [98]. 

10.26. Cassava Reference Genome 

The development of a high-quality cassava reference ge-

nome represents a major milestone in cassava genomics. Ref-

erence genomes serve as a genomic framework that allows re-

searchers to map sequencing reads, identify genetic variants, 

and locate genes associated with important traits such as dis-

ease resistance. The first cassava reference genome was pub-

lished by the International Cassava Genetic Map Consortium 

and provided a foundational resource for cassava genomics re-

search [99]. This genome assembly revealed important fea-

tures of the cassava genome, including its size of approxi-

mately 760 Mb and the presence of numerous repetitive ele-

ments and gene families involved in metabolism and stress re-

sponses. More recent genomic studies have produced im-

proved assemblies with higher continuity and accuracy. For 

example, haplotype-resolved genome assemblies generated 

through advanced sequencing technologies have provided de-

tailed insights into allelic variation and genome structure in 

cassava [100]. These improved reference genomes enable 

more precise identification of genetic loci associated with dis-

ease resistance. The availability of multiple cassava genome 

assemblies has also led to the development of cassava pan-

genomes, which capture the full spectrum of genetic variation 

across diverse cassava accessions. Pan-genome analyses re-

veal genes that are absent in single reference genomes but pre-

sent in other varieties, including genes potentially involved in 

disease resistance and stress adaptation. 

10.27. Molecular Marker Technologies 

Molecular marker technologies have significantly advanced 

cassava genetics and breeding by enabling the identification 

of genomic regions associated with disease resistance and 

other agronomic traits. The development of high-throughput 

genotyping platforms has facilitated the discovery of thou-

sands of DNA markers that support genetic mapping, 

germplasm characterization, and marker-assisted breeding in 

cassava. Among the most widely used marker systems are 

simple sequence repeats (SSR), single nucleotide polymor-

phisms (SNPs), and Diversity Arrays Technology (DArT). 

These marker systems play an important role in understanding 

genetic diversity, identifying resistance loci, and accelerating 

breeding programs aimed at improving cassava productivity 

and disease resistance [101]. Simple sequence repeat (SSR) 

markers, also known as microsatellites, consist of short tan-

dem repeat sequences distributed throughout the genome. SSR 

markers are highly polymorphic and co-dominant, making 

them useful for assessing genetic diversity, population struc-

ture, and germplasm identification. In cassava, SSR markers 

have historically been used to construct early genetic linkage 

maps and to characterize cassava germplasm collections. Alt-

hough SSR markers have been gradually replaced by high-

throughput SNP-based technologies in large-scale genomic 

studies, they remain valuable for genetic diversity analysis 

and varietal identification in cassava breeding programs. SSR 

markers continue to be used in germplasm conservation stud-

ies and in preliminary genetic screening where sequencing-

based technologies may not be readily available [102]. Single 

nucleotide polymorphisms (SNPs) represent the most abun-

dant form of genetic variation in plant genomes and are cur-

rently the most widely used markers in cassava genomics. Ad-

vances in next-generation sequencing technologies have ena-

bled large-scale SNP discovery across cassava genomes, facil-

itating high-resolution genetic mapping and association stud-

ies. 

10.28. Marker-assisted Selection 

Marker-assisted selection (MAS) is an important molecular 

breeding strategy that allows breeders to select plants carrying 

desirable alleles using molecular markers linked to genes or 

quantitative trait loci associated with target traits. MAS im-

proves the efficiency of breeding programs by reducing reli-

ance on phenotypic screening and enabling early selection of 

http://www.sciencepg.com/journal/ijgg


International Journal of Genetics and Genomics http://www.sciencepg.com/journal/ijgg 

 

89 

resistant genotypes. Cassava mosaic disease (CMD) is one of 

the most destructive viral diseases affecting cassava produc-

tion, particularly in sub-Saharan Africa. Resistance to CMD 

has been extensively studied, and several genetic loci associ-

ated with resistance have been identified. 

One of the most important resistance loci is the CMD2 lo-

cus, which confers dominant resistance to cassava mosaic vi-

ruses. Recent genomic research using long-read sequencing 

and BAC-guided haplotype assembly has improved the reso-

lution of the CMD2 genomic region and identified numerous 

stress-related genes associated with virus resistance within 

this locus [103]. Markers linked to CMD2 are widely used in 

cassava breeding programs to facilitate rapid screening of re-

sistant genotypes and accelerate the development of improved 

varieties. Cassava brown streak disease (CBSD) is another 

major viral disease affecting cassava production, especially in 

East and Central Africa. Unlike CMD resistance, which is 

largely controlled by a major gene, CBSD resistance is typi-

cally quantitative and controlled by multiple genomic regions. 

Recent genomic studies have identified several candidate loci 

associated with CBSD resistance through genome-wide asso-

ciation studies and QTL mapping approaches. These loci pro-

vide important targets for marker-assisted selection and ge-

nomic breeding strategies aimed at improving CBSD toler-

ance in cassava populations [104]. 

10.29. Genomic Selection 

Genomic selection (GS) is an advanced breeding approach 

that uses genome-wide molecular markers to predict the ge-

netic potential of individuals in breeding populations. Unlike 

marker-assisted selection, which focuses on specific loci, ge-

nomic selection incorporates thousands of markers distributed 

across the entire genome to estimate genomic breeding values. 

Genomic selection relies on statistical prediction models that 

integrate genotypic and phenotypic information from a train-

ing population to estimate genomic estimated breeding values 

(GEBVs). These predictive models enable breeders to select 

promising genotypes early in the breeding cycle, thereby ac-

celerating genetic improvement. Recent cassava genomic 

studies indicate that genomic selection models can effectively 

predict complex traits such as yield, disease resistance, and 

root quality. These predictive approaches have been increas-

ingly integrated into cassava breeding programs to improve 

genetic gains and reduce breeding cycle duration [105]. The 

effectiveness of genomic selection depends heavily on the 

availability of accurate phenotypic data collected across mul-

tiple environments. Integrating genomic information with 

high-quality phenotypic datasets allows breeders to develop 

robust prediction models that capture genotype-by-environ-

ment interactions. Modern cassava breeding programs in-

creasingly combine genomic selection with high-throughput 

phenotyping platforms and multi-environment trials, enabling 

more efficient identification of superior genotypes with en-

hanced disease resistance and agronomic performance [106]. 

CRISPR and Genome Editing Prospects 

Genome editing technologies, particularly CRISPR/Cas 

systems, have emerged as powerful tools for precise genetic 

improvement of cassava. These technologies enable targeted 

modification of genes associated with disease resistance, yield, 

and quality traits. Recent research has demonstrated the suc-

cessful application of CRISPR-Cas9 technology in cassava to 

enhance resistance to major diseases such as cassava mosaic 

disease and cassava brown streak disease. Genome editing al-

lows precise modification of genes involved in disease re-

sistance pathways, thereby accelerating the development of 

improved cassava varieties with enhanced resilience to patho-

gens [107]. CRISPR technology has also been applied to mod-

ify genes associated with cyanogenic glycoside biosynthesis 

in cassava, reducing cyanide levels and improving food safety. 

Additionally, genome editing has been used to modify genes 

controlling flowering time and other agronomic traits, demon-

strating its broad potential for cassava improvement [108]. 

Despite its promising potential, the widespread adoption of 

genome editing in cassava breeding faces challenges, includ-

ing regulatory frameworks, transformation efficiency, and 

public acceptance of gene-edited crops. Nevertheless, 

CRISPR-based genome editing represents a powerful tool for 

accelerating cassava improvement and addressing major con-

straints in cassava production. 

10.30. Integrating Spatial and Genomic Data 

The integration of spatial environmental information with 

genomic datasets has emerged as a powerful approach for im-

proving crop breeding and disease management. Advances in 

geographic information systems (GIS), remote sensing, and 

genomic technologies have enabled researchers to analyze 

how environmental variables influence genetic variation 

across landscapes. This integration facilitates the identifica-

tion of adaptive genetic variants and supports the development 

of climate-resilient crop varieties. Combining spatial and ge-

nomic data allows researchers to understand genotype-envi-

ronment interactions, predict disease risk, and optimize breed-

ing strategies for diverse agroecological conditions [109, 110]. 

Landscape genomics is an emerging interdisciplinary field 

that combines population genomics, spatial ecology, and en-

vironmental data analysis to identify genetic variants associ-

ated with environmental adaptation. This approach is increas-

ingly applied in crop breeding to identify adaptive alleles that 

confer tolerance to environmental stresses such as drought, 

heat, pests, and diseases. Environmental association analysis 

(EAA), also known as genotype–environment association 

(GEA), is a key analytical framework used in landscape ge-

nomics. This approach examines correlations between allele 

frequencies and environmental variables such as temperature, 

rainfall, soil characteristics, and altitude. By identifying ge-

nomic regions that show strong associations with environmen-

tal gradients, researchers can detect candidate genes responsi-

ble for local adaptation. 
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Recent studies have demonstrated that landscape genomic 

approaches can reveal genetic variants associated with envi-

ronmental stress tolerance in crop wild relatives and cultivated 

crops. These approaches provide valuable insights for crop 

breeding by identifying adaptive alleles that can be incorpo-

rated into breeding programs to enhance resilience to climate 

variability [111]. Spatial genotype-environment (G×E) inter-

actions describe how the performance of different genotypes 

varies across environmental conditions. Understanding G×E 

interactions is critical for crop breeding because genotypes 

that perform well in one environment may perform poorly in 

another. Spatial genomic analyses allow breeders to quantify 

G×E interactions across multiple environments by integrating 

genomic markers with geospatial environmental data. This ap-

proach helps identify genotypes with stable performance 

across diverse environments or those specifically adapted to 

agroecological zones. Such analyses are particularly im-

portant for crops like cassava that are widely cultivated across 

heterogeneous environments in tropical regions [112]. 

10.30.1. Geospatial Analysis of Genetic Diversity 

Geospatial analysis provides powerful tools for understand-

ing the spatial distribution of genetic diversity within crop 

populations. By integrating genomic data with geographic co-

ordinates and environmental information, researchers can 

identify patterns of genetic variation and detect regions har-

boring valuable genetic resources for crop improvement. Pop-

ulation structure mapping involves analyzing genetic variation 

across geographic regions to identify distinct genetic clusters 

or subpopulations. Spatial mapping of population structure 

helps reveal historical patterns of migration, domestication, 

and adaptation in crop species. Recent genomic studies in cas-

sava and other crops have combined high-density SNP mark-

ers with spatial data to map population structure across differ-

ent agroecological regions. These analyses provide insights 

into the geographic distribution of genetic diversity and help 

breeders identify suitable parental lines for breeding programs 

[113]. Mapping population structure also assists in identifying 

genetic hotspots where high levels of diversity occur. Such re-

gions often represent important reservoirs of adaptive genetic 

variation that can be utilized in breeding programs aimed at 

improving disease resistance and stress tolerance. 

Another important application of geospatial genomics is the 

identification of adaptive alleles associated with environmen-

tal gradients. Adaptive alleles are genetic variants that confer 

advantages under specific environmental conditions. Land-

scape genomic approaches can detect these alleles by analyz-

ing correlations between environmental variables and allele 

frequencies across populations. Identifying such adaptive al-

leles enables breeders to select genotypes with enhanced tol-

erance to environmental stresses and pathogens, thereby im-

proving crop resilience and productivity [110]. 

10.30.2. Predictive Modeling for Disease Resistance 

Predictive modeling integrates genomic, environmental, 

and epidemiological data to forecast disease occurrence and 

identify resistant genotypes. Advances in computational biol-

ogy and artificial intelligence have enabled the development 

of sophisticated predictive models that support disease sur-

veillance and crop breeding. Machine learning techniques are 

increasingly used in crop genomics and disease prediction. Al-

gorithms such as random forests, support vector machines, 

and deep learning models can analyze large genomic and en-

vironmental datasets to identify patterns associated with dis-

ease resistance. In crop breeding programs, machine learning 

models are used to integrate genomic markers with phenotypic 

and environmental data to predict disease resistance and other 

agronomic traits. These predictive models can accelerate 

breeding programs by identifying promising genotypes before 

extensive field testing [114]. Spatial risk models combine ge-

ospatial environmental data with epidemiological information 

to predict the geographic distribution and spread of crop dis-

eases. These models often incorporate climate variables, host 

plant distribution, and pathogen dynamics to identify high-risk 

areas for disease outbreaks. In cassava production systems, 

spatial risk modeling has been used to map the distribution of 

major diseases such as cassava mosaic disease and cassava 

brown streak disease. Integrating genomic information with 

spatial risk models can improve disease forecasting and sup-

port the deployment of resistant varieties in vulnerable regions. 

Such integrated approaches are increasingly important for en-

hancing food security and improving the sustainability of crop 

production systems under changing climatic conditions [115]. 

10.30.3. Case Studies of Geospatial Genomics in 

Cassava Research 

Geospatial genomics combines genomic information with 

geographic and environmental data to better understand the 

distribution of genetic diversity, disease resistance, and path-

ogen dynamics in crop populations. In cassava research, this 

integrated approach has been particularly valuable for map-

ping the spread of viral diseases and identifying genomic re-

gions associated with disease resistance. The integration of 

spatial epidemiology, genomic tools, and environmental data 

has improved the ability of researchers to monitor disease out-

breaks, identify resistant genotypes, and support breeding pro-

grams aimed at developing resilient cassava varieties [116, 

117]. 

10.30.4. Cassava Mosaic Disease Mapping in Africa 

Cassava mosaic disease (CMD) is one of the most destruc-

tive viral diseases affecting cassava production in Africa. The 

disease is caused by several species of cassava mosaic be-

gomoviruses and is transmitted primarily by the whitefly vec-

tor Bemisia tabaci. Understanding the spatial distribution and 

epidemiology of CMD has been critical for developing effec-

tive management strategies. Large-scale regional surveys con-

ducted across sub-Saharan Africa have provided valuable spa-

tial data on CMD incidence and severity. A landmark study by 
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Legg et al. (2015) mapped the distribution and spread of CMD 

across several African countries using field surveys combined 

with geographic information systems (GIS). The study 

demonstrated that CMD epidemics were strongly associated 

with the distribution of virulent virus strains and the abun-

dance of whitefly vectors [118]. 

Spatial analysis of CMD distribution has also revealed that 

environmental factors such as temperature, rainfall patterns, 

and cropping systems influence disease spread. These insights 

have been used to develop predictive risk maps for CMD out-

breaks and to guide the deployment of resistant cassava vari-

eties in high-risk areas. More recent research has incorporated 

genomic data into CMD epidemiological studies. Genome se-

quencing of cassava mosaic viruses has enabled researchers to 

track viral evolution and identify new virus strains responsible 

for disease outbreaks. Integrating viral genomics with spatial 

epidemiology has improved the understanding of CMD dy-

namics and supported the development of targeted disease 

management strategies [119]. 

10.30.5. Genomic Studies of CBSD Resistance 

Cassava brown streak disease (CBSD) is another major vi-

ral disease threatening cassava production, particularly in East 

and Central Africa. CBSD is caused by two viruses: Cassava 

brown streak virus (CBSV) and Ugandan cassava brown 

streak virus (UCBSV). The disease causes severe root necro-

sis, leading to significant yield and quality losses. Genomic 

studies have played a critical role in identifying genetic loci 

associated with CBSD resistance. Genome-wide association 

studies (GWAS) and quantitative trait locus (QTL) mapping 

have identified several genomic regions associated with 

CBSD resistance in cassava breeding populations. For exam-

ple, Kayondo et al. (2018) conducted a genome-wide associa-

tion study using high-density SNP markers and identified ge-

nomic regions associated with CBSD foliar and root necrosis 

symptoms [120]. These findings provided valuable molecular 

markers that can be used in breeding programs to develop 

CBSD-tolerant cassava varieties. In addition, genomic predic-

tion models have been used to evaluate CBSD resistance in 

cassava breeding populations. These models integrate ge-

nomic marker data with phenotypic information collected 

across multiple environments to predict disease resistance in 

breeding lines. Such genomic approaches have significantly 

accelerated the identification of resistant genotypes and im-

proved breeding efficiency [121]. 

10.30.6. Integration of Spatial Data in Cassava 

Breeding Programs 

The integration of spatial environmental data with genomic 

information is increasingly being used to improve cassava 

breeding strategies. This approach enables researchers to eval-

uate how environmental factors influence the performance of 

cassava genotypes and to identify varieties that are adapted to 

specific agroecological conditions. Spatial breeding ap-

proaches often combine geographic information systems 

(GIS), environmental datasets, and genomic marker data to 

analyze genotype-environment interactions. These analyses 

allow breeders to identify genotypes that perform well under 

particular climatic and environmental conditions, thereby im-

proving the efficiency of variety selection. For example, ge-

nomic selection models developed for cassava breeding pro-

grams incorporate environmental covariates and spatial trial 

data to improve prediction accuracy for traits such as yield and 

disease resistance. Wolfe et al. [22] demonstrated that integrat-

ing genomic data with multi-environment trial data signifi-

cantly improved prediction accuracy for cassava mosaic dis-

ease resistance [122]. Similarly, spatial analyses of cassava 

genetic diversity have helped identify regions with high levels 

of genetic variation that can serve as valuable sources of re-

sistance genes for breeding programs. Integrating spatial in-

formation with genomic datasets therefore provides powerful 

tools for optimizing cassava improvement strategies and en-

hancing the resilience of cassava production systems in di-

verse environments [123]. 

10.30.7. Challenges in Implementing Geospatial 

Genomics in Africa 

Despite the rapid advancement of genomic technologies 

and geospatial analytical tools, the implementation of geospa-

tial genomics in African agricultural research remains con-

strained by several structural and institutional challenges. Ge-

ospatial genomics requires the integration of high-quality ge-

nomic datasets, spatial environmental data, and advanced 

computational tools. However, many African research sys-

tems face limitations related to data availability, technical ca-

pacity, and policy frameworks governing data access and shar-

ing. Addressing these challenges is essential to fully harness 

the potential of geospatial genomics for improving crop resil-

ience and food security across the continent [124, 125]. 

One of the primary challenges in implementing geospatial 

genomics in Africa is the limited availability of high-quality 

genomic datasets for many crops. Although significant pro-

gress has been made in sequencing important staple crops 

such as cassava, maize, and sorghum, genomic datasets for 

many African crop varieties remain incomplete or underrepre-

sented. Many African breeding programs rely on relatively 

small germplasm collections and limited genomic resources, 

which restrict the ability of researchers to perform large-scale 

genome-wide association studies or genomic selection anal-

yses. Furthermore, much of the available genomic data is gen-

erated through international collaborations and may not al-

ways be readily accessible to local research institutions. 

Another limitation is the underrepresentation of African 

landraces and farmer-preferred varieties in global genomic da-

tabases. These varieties often contain valuable adaptive traits 

for tolerance to local environmental stresses and diseases, yet 

their genomic characterization remains limited. Increasing ge-

http://www.sciencepg.com/journal/ijgg


International Journal of Genetics and Genomics http://www.sciencepg.com/journal/ijgg 

 

92 

nomic sequencing efforts for African crop germplasm is there-

fore essential for advancing geospatial genomic research. 

Geospatial genomics relies heavily on high-resolution spa-

tial datasets, including climate data, soil characteristics, land-

use patterns, and disease surveillance information. However, 

in many African countries, spatial data coverage is often in-

complete or outdated. Agricultural field trials are frequently 

conducted without precise geographic coordinates or stand-

ardized environmental metadata, making it difficult to inte-

grate phenotypic data with environmental variables. In addi-

tion, long-term disease surveillance data for major crop path-

ogens are often fragmented or unavailable at regional scales. 

Although satellite-based remote sensing has improved the 

availability of environmental data in recent years, the integra-

tion of these datasets with agricultural genomic studies re-

mains limited in many African research programs [126]. 

Geospatial genomic analyses require substantial computa-

tional resources for processing large genomic datasets, run-

ning statistical models, and managing spatial databases. High-

performance computing infrastructure is often necessary for 

conducting genome-wide association studies, genomic selec-

tion modeling, and machine learning analyses. However, 

many research institutions in Africa face limited access to ad-

vanced computational facilities and reliable internet connec-

tivity. These limitations restrict the ability of researchers to 

analyze large genomic datasets and implement complex geo-

spatial modeling approaches. As a result, many genomic anal-

yses conducted in African crop research programs rely on col-

laborations with international institutions that have greater 

computational capacity [127]. The expansion of cloud-based 

bioinformatics platforms and regional high-performance com-

puting centers has begun to address some of these limitations, 

but significant gaps in computational infrastructure remain 

across many parts of the continent. 

Another major challenge is the shortage of skilled profes-

sionals trained in bioinformatics, genomics, geospatial analy-

sis, and data science. Geospatial genomics is an interdiscipli-

nary field that requires expertise in genetics, statistics, com-

puter science, and spatial modeling. Although several training 

initiatives and research networks have been established to 

build capacity in genomics and bioinformatics across Africa, 

the demand for skilled personnel continues to exceed supply. 

Limited training opportunities and inadequate funding for ad-

vanced research training further constrain the development of 

local expertise in these fields [126]. Strengthening education 

and training programs in bioinformatics, computational biol-

ogy, and geospatial data science will therefore be essential for 

supporting the implementation of geospatial genomics in Af-

rican agricultural research systems. 

Policy and regulatory frameworks governing data sharing 

and access also present challenges for geospatial genomics re-

search in Africa. Many genomic and spatial datasets are gen-

erated through international research collaborations, and re-

strictions on data access can limit the ability of local research-

ers to fully utilize these resources. In some cases, national pol-

icies related to genetic resource access and benefit sharing 

may create uncertainties regarding the use and distribution of 

genomic data. While such policies are important for protecting 

national genetic resources, unclear regulatory frameworks can 

sometimes hinder collaborative research and data sharing. 

Furthermore, the lack of standardized data management sys-

tems and open data repositories within many African agricul-

tural research institutions limits the efficient sharing of ge-

nomic and spatial datasets. Strengthening data governance 

frameworks and promoting open science practices will there-

fore be critical for facilitating collaborative geospatial ge-

nomics research across the continent [127]. Improving poli-

cies that support open access to genomic and environmental 

datasets, while ensuring equitable benefit sharing, will help 

accelerate innovation in crop breeding and disease manage-

ment. 

10.30.8. Opportunities and Future Research 

Directions 

Recent advances in genomics, geospatial technologies, and 

computational analytics present significant opportunities for 

transforming cassava research and breeding programs. The in-

tegration of large-scale genomic datasets with environmental 

and spatial information has opened new avenues for under-

standing complex trait architecture and improving crop resili-

ence. Emerging tools such as artificial intelligence (AI), pre-

cision agriculture technologies, and climate modeling are in-

creasingly being applied in crop improvement programs to en-

hance the efficiency and accuracy of breeding strategies. In 

cassava research, these innovations have the potential to ac-

celerate the development of disease-resistant and climate-re-

silient varieties adapted to diverse agroecological conditions 

across Africa [124, 126]. 

The increasing availability of genomic, phenotypic, and en-

vironmental datasets has created opportunities to apply big 

data analytics and artificial intelligence in crop improvement. 

AI-driven analytical approaches can process large and com-

plex datasets to identify patterns and relationships that may 

not be detectable using traditional statistical methods. Artifi-

cial intelligence and machine learning models are increasingly 

being used to predict disease outbreaks and identify resistant 

crop varieties. In cassava production systems, AI algorithms 

can integrate genomic data, climate variables, remote sensing 

data, and disease surveillance information to forecast disease 

risk and guide breeding strategies. Machine learning tech-

niques such as random forests, support vector machines, and 

deep learning models have shown strong potential for predict-

ing plant disease occurrence and identifying genomic markers 

associated with resistance traits. These approaches can im-

prove the accuracy of disease forecasting and enable early in-

tervention strategies in cassava production systems. Integrat-

ing AI with genomic datasets therefore offers promising op-

portunities for improving disease management and accelerat-

ing cassava breeding programs [120, 126]. 
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Precision agriculture involves the use of digital technolo-

gies, geospatial tools, and sensor systems to optimize crop 

management at fine spatial scales. In cassava research, preci-

sion agriculture technologies can support more efficient 

breeding and crop management practices by enabling site-spe-

cific analysis of environmental conditions and crop perfor-

mance. The integration of geospatial data, environmental in-

formation, and genomic datasets enables breeders to develop 

cassava varieties tailored to specific agroecological zones. 

Site-specific breeding approaches consider local environmen-

tal conditions such as soil properties, rainfall patterns, and 

temperature variability when selecting breeding materials. 

Combining genomic selection with spatial environmental data, 

breeders can identify genotypes that perform well under envi-

ronmental conditions. This approach enhances the efficiency 

of breeding programs and increases the likelihood that newly 

developed varieties will perform well under farmers’ field 

conditions. Precision breeding strategies therefore provide a 

pathway for developing cassava varieties with improved yield 

stability and disease resistance across diverse environments 

[120]. 

Climate change is expected to significantly influence crop 

productivity and disease dynamics in tropical agricultural sys-

tems. Rising temperatures, changing rainfall patterns, and in-

creased climate variability may alter the distribution and se-

verity of major cassava diseases such as cassava mosaic dis-

ease and cassava brown streak disease. Integrating geospatial 

genomics with climate modeling provides an important oppor-

tunity to develop cassava varieties that are resilient to future 

environmental conditions. Landscape genomics and environ-

mental association analyses can identify genetic variants asso-

ciated with adaptation to climatic stresses such as drought, 

heat, and changing rainfall patterns. These adaptive alleles can 

then be incorporated into cassava breeding programs to de-

velop varieties capable of maintaining productivity under cli-

mate stress. Recent genomic studies have emphasized the im-

portance of integrating climate data with genomic analyses to 

identify crop genotypes that are resilient to environmental 

change. Such approaches will be essential for ensuring sus-

tainable cassava production and food security in regions that 

are highly vulnerable to climate change [127]. 

10.30.9. Regional Collaborative Platforms 

Regional collaboration is essential for advancing cassava 

genomics research and breeding programs in Africa. Many 

cassava improvement initiatives rely on partnerships among 

national agricultural research systems, international research 

centers, and universities. Collaborative platforms such as the 

cassava breeding networks coordinated by the International 

Institute of Tropical Agriculture (IITA) and the International 

Center for Tropical Agriculture (CIAT) have played a central 

role in advancing cassava research in Africa. These organiza-

tions facilitate the sharing of germplasm, genomic data, and 

breeding methodologies across multiple countries. Regional 

breeding networks enable large-scale multi-environment trials, 

coordinated disease surveillance, and collaborative genomic 

research. These partnerships also support capacity building by 

providing training opportunities in genomics, bioinformatics, 

and crop breeding. Strengthening regional collaborations and 

data-sharing platforms will be critical for accelerating the de-

velopment and dissemination of improved cassava varieties 

across Africa. Collaborative initiatives can help overcome re-

source limitations faced by individual research institutions 

and promote more efficient use of genomic and spatial data in 

cassava improvement programs [115, 121]. 

10.30.10. Implications for Food Security and 

Sustainable Agriculture 

Cassava plays a critical role in ensuring food security across 

sub-Saharan Africa due to its adaptability to marginal environ-

ments and its importance as a staple food for millions of 

households. Advances in geospatial genomics offer significant 

opportunities to enhance cassava productivity, improve dis-

ease resistance, and strengthen breeding programs aimed at 

supporting sustainable agricultural systems. Integrating ge-

nomic data with environmental and spatial information, re-

searchers can better understand the complex interactions be-

tween genotype, environment, and management practices, 

thereby facilitating more targeted crop improvement strategies. 

Geospatial genomics can contribute to increased cassava 

productivity by identifying genetic variants associated with 

yield performance under specific environmental conditions. 

The integration of genomic data with spatial information such 

as soil characteristics, rainfall distribution, and temperature 

patterns enables researchers to detect genotype-environment 

interactions that influence crop performance. Such insights al-

low breeders to develop varieties optimized for specific agroe-

cological zones, improving yield stability and reducing the 

risks associated with environmental variability. Improved 

productivity not only enhances food availability but also in-

creases farm income and livelihood security for smallholder 

farmers who depend heavily on cassava cultivation [89]. 

Cassava production in Africa is frequently threatened by 

major viral diseases such as cassava mosaic disease and cas-

sava brown streak disease. These diseases have caused signif-

icant yield losses across many cassava-producing regions. The 

integration of geospatial tools with genomic analyses enables 

the mapping of disease prevalence and the identification of re-

sistance genes within cassava populations. By combining spa-

tial disease surveillance with genomic data, researchers can 

identify disease hotspots and deploy resistant varieties more 

effectively. This approach enhances the resilience of cassava 

production systems and reduces the risk of widespread crop 

failures caused by disease outbreaks [87]. 

The adoption of geospatial genomics can significantly 

strengthen cassava breeding programs in Africa by improving 

the efficiency of germplasm evaluation and selection. Tradi-

tional breeding approaches often require extensive multi-loca-

tion field trials to evaluate genotype performance across di-

http://www.sciencepg.com/journal/ijgg


International Journal of Genetics and Genomics http://www.sciencepg.com/journal/ijgg 

 

94 

verse environments. Geospatial genomics provides a more ef-

ficient framework for analyzing environmental variability and 

identifying genetic traits associated with adaptation. This al-

lows breeders to focus on promising genotypes that are more 

likely to perform well in specific target environments. Addi-

tionally, regional collaboration among African breeding pro-

grams can facilitate the sharing of genomic resources, spatial 

datasets, and improved cassava varieties, thereby accelerating 

breeding progress across the continent [127]. 

11. Conclusion 

This review highlights the growing importance of geospa-

tial genomics as a transformative approach for cassava im-

provement. By integrating genomic information with spatial 

environmental data, researchers can gain deeper insights into 

the genetic basis of crop adaptation, disease resistance, and 

yield performance. The integration of Geographic Information 

Systems (GIS), remote sensing technologies, and genomic 

analyses provides powerful tools for understanding the spatial 

dynamics of cassava production systems. These technologies 

enable researchers to identify genotype-environment interac-

tions, monitor disease distribution, and optimize breeding 

strategies for diverse agroecological conditions. 

Despite the significant potential of geospatial genomics, 

several challenges remain, including limited genomic datasets, 

gaps in spatial data availability, and constraints related to com-

putational infrastructure and technical expertise. Addressing 

these challenges will require increased investment in research 

infrastructure, capacity building in bioinformatics and geospa-

tial analysis, and the establishment of collaborative data-shar-

ing platforms. Strategic policies that promote open science, 

strengthen research networks, and support interdisciplinary 

collaboration will be essential for maximizing the impact of 

geospatial genomics on cassava improvement and sustainable 

agriculture in Africa. 

Future Perspectives 

The continued advancement of geospatial genomics will 

likely play a pivotal role in shaping the future of agricultural 

research and crop improvement in Africa. Several emerging 

research directions offer promising opportunities to further en-

hance cassava breeding and agricultural sustainability. 

Future research efforts should focus on developing inte-

grated geospatial breeding platforms that combine genomic 

data, phenotypic information, environmental variables, and 

spatial modeling tools. Such platforms can support predictive 

breeding approaches by enabling researchers to simulate gen-

otype performance across different environmental scenarios. 

These digital breeding systems would allow breeders to rap-

idly identify candidate genotypes for specific regions, thereby 

reducing the time and cost associated with traditional breeding 

programs. 

Recent advances in pan-genomics provide opportunities to 

capture the full spectrum of genetic diversity within cassava 

population. Pan-genome analysis allows researchers to iden-

tify structural variations and unique genes that may be absent 

from reference genomes but contribute to important agro-

nomic traits. Integrating pan-genomic data sets with spatial 

environmental data can improve the identification of adaptive 

genes associated with environmental stress tolerance, disease 

resistance, and yield stability. This integrated approach will 

enhance our understanding of the genetic mechanisms under-

lying cassava adaptation to diverse ecological conditions. 

Scaling the application of geospatial genomics across Af-

rica will require stronger collaboration among national agri-

cultural research systems, universities, and international re-

search organizations. Initiatives led by organizations such as 

the International Institute of Tropical Agriculture and the In-

ternational Center for Tropical Agriculture have already 

demonstrated the benefits of collaborative research networks 

in advancing cassava genomics and breeding. Expanding such 

collaborative platforms will facilitate the sharing of genomic 

resources, spatial datasets, and advanced analytical tools. In 

addition, strengthening training programs in bioinformatics, 

geospatial analysis, and computational biology will be essen-

tial for building the next generation of scientists capable of 

implementing geospatial genomics in African agricultural re-

search. Ultimately, the integration of geospatial genomics into 

cassava breeding programs has the potential to significantly 

enhance food security, improve climate resilience, and pro-

mote sustainable agricultural development across Africa. 
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