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Abstract
Cassava (Manihot esculenta Crantz) is a staple food for over 500 million people in Sub-
Saharan Africa, but its productivity is being threatened by climate-driven pest epidemics
such as whiteflies (Bemisia tabaci), mealybugs (Phenacoccus manihoti), and viral
pathogens such as cassava mosaic and brown streak. These insects, whose
reproduction and dissemination increase with temperature rise and erratic rains, cause
20–80 % yield losses in heavy infestations and threaten domestic food security.
Conventional scouting and reactive pesticides have not been effective in controlling the
outbreaks in the presence of fluctuating climatic conditions.

This study suggests a cloud-based predictive analytics framework that pulls in real-time
meteorology data, field-level observations from farmers, remote-sensing imagery, and
past pest–climate datasets into a single cloud data warehouse. Machine-learning
models convert these inputs into spatial risk maps and early warning messages, which
are delivered via mobile dashboards to farmers, extension agents, and policy-makers.
The model concept recognizes the ways in which elastic cloud-based infrastructure is
able to overcome local hardware and connectivity limitations, improving timely pest
detection and enabling climate-smart and risk-informed decision-making at the farm
and community levels.

Introduction
The architecture presents a path toward reducing pest-related cassava yield losses,
increasing resilience of smallholder farming systems, and enabling data-driven climate-
smart agriculture in cassava-producing areas.
Cassava (Manihot esculenta Crantz) is among the most important crops for food
security in Sub-Saharan Africa, supporting more than 500 million consumers and a
principal source of calories for both rural and urban consumers. Its resistance to
drought and poor soils makes it a strategic crop for regions that are exposed to climate
variability. However, cassava farming is increasingly being threatened by climate-related
pest infestations, which have intensified over the last several decades due to higher
temperatures, unpredictable rainfalls, and fluctuating seasonal patterns. Whiteflies
(Bemisia tabaci), mealybugs (Phenacoccus manihoti), and the vectors of the cassava
mosaic and brown streak diseases now emerge earlier, develop more rapidly, and often
outwit traditional means of control.
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These outbreaks have devastating impacts on smallholder farmers who earn a living
and derive livelihood from cassava. Crops are lost by 20–80 % in heavy infestations,
undermining national food reserves and rural livelihoods. Conventional pest-control
strategies, founded on field monitoring and reactive application of pesticides, are no
longer sufficient under new climate conditions. Proactive data-driven early warning
systems are therefore now a pressing requirement.

Predictive Analytics: applying statistical and machine-learning techniques to model
past and present data to forecast future events — has been shown to work in agriculture
uses such as crop-yield estimation, commodity-price forecasting, and climate-risk
assessment. Recent studies (e.g., Sabu & Kumar, 2020) show that marrying predictive
models with climate and market data can enhance farmer and supply-chain decision-
making. Yet, there is still an urgent need for the application of predictive analytics to
predict cassava pest outbreaks, particularly where digital capacity is low.

Cloud-based predictive analytics can break through. Scalable storage and processing
capacity in the cloud can be utilized to bring together disparate datasets e.g., weather
measurements, satellite imagery, pest-monitoring data, and farmer field reports without
initial investments in local hardware. Integrated with machine-learning algorithms, such
systems have potential to offer extension services and farmers real-time pest-risk
predictions via mobile notifications and dashboards.

The paper introduces a conceptual model for cloud-based predictive analytics that will
support detection and control of early outbreaks of climate-driven cassava pest
infestations. The model will guide future pilot rollouts and studies that will increase
resilience in cassava-producing regions.

2. Literature Review

The intersection of climate change, pest biology, and digital decision-support
technologies in agriculture has been the focal point of growing scholarship.
Subedi et al. (2023) offer a systematic synthesis illustrating how elevated atmospheric
CO₂, increased temperatures, and drought events alter the physiology, phenology, and
population dynamics of insect pests. They argue that such alteration often hastens the
development rates of pests and increases outbreak frequency, thereby undermining
food security in climate-affected regions. Such a pest-climate intelligence is most
relevant to cassava-one of the staple foods of sub-Saharan Africa and one which is
extremely susceptible to pests such as the cassava mealybug (Phenacoccus manihoti).

Parallel to such biological research, research in agricultural informatics has indicated
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the possibility of predictive analytics for risk management in agriculture.
Sabu and Kumar (2020), for example, contrasted SARIMA, Holt-Winter's seasonal
models, and long-short-term memory (LSTM) neural networks in forecasting arecanut
prices in Kerala, India. While their work was aimed at price volatility rather than pest
infestation, their results show the capability of time-series machine-learning models to
address agricultural prediction issues. These models in theory could help forecast pest-
population eruptions if climatic and entomological data pertinent to the forecasts are
available. Later work further stresses that smallholder and fragmented farms are
structurally disadvantaged from taking advantage of state-of-the-art analytics.
Kramarz (2025) also claimed that only one-third of the farms surveyed in Poland's highly
fragmented agricultural regions made use of at least one decision-support technology,
citing budget constraints, insufficient IT expertise, and inadequate equipment as the
main barriers. The same barriers beset many smallholder cassava producers in Nigeria
and other SSA countries, and thus predictive-analytics alternatives must be cloud-
hosted, lightweight, and affordable to gain acceptance.

Collectively, they highlight three main knowledge deficiencies underpinning this present
conceptual model:
(1) scientific facts that climate change escalates pest pressures on cassava and other
crops (Subedi et al., 2023);
(2) proof-of-concept evidence that data-driven models outperform traditional methods
in predicting agricultural risk (Sabu & Kumar, 2020); and
(3) facts proving socio-economic bottlenecks limit technology adoption in fragmented,
smallholder-dominated environments (Kramarz, 2025).
Linking these regions suggests that cloud-capable predictive-analystics software for
climate-driven pest-outbreak detection for cassava is unexploited and represents a vast
innovation opportunity.

Conceptual Framework
Climate fluctuation has a strong effect on cassava pest ecology, triggering alterations in
pest abundance, distribution, and outbreak intensity such as whitefly-transmitted
Cassava Mosaic Disease (CMD), Cassava Brown Streak Disease (CBSD), mealybugs,
and witches' broom disease. Evidence supports that high temperatures and changing
rainfall patterns improve the fecundity and longevity of whitefly, amplifying CMD and
CBSD transmission (FAO, 2023; Sseruwagi et al., 2018). The same Southeast Asian
research links extreme weather events to mealybug and witches' broom disease
outbreaks, further compromising cassava production (Joven et al., 2016). Such findings
necessitate anticipatory and data-driven approaches capable of forecast pest
infestations under climate stress.
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To address this challenge, we propose a cloud-based platform for predictive analytics to
connect real-time field and climate observation with historical pest–climate datasets to
generate early warning signals to alert farmers and extension agents.

Framework Components

1. Climate & Weather Data Layer: Seasonal temperature, day-by-day temperature, rainfall,
humidity, and drought indices via meteorological services and satellite-based APIs.
2. Cassava Field & Pest Observation Layer: Farmer reports of the incidence of pests,
density of whiteflies, remote-sensing imagery (e.g., NDVI-based canopy stress), and lab-
confirmed CMD/CBSD cases.
3. Cloud Data Warehouse & Integration Layer: Standardizes disparate data and shatters
silos that normally afflict agricultural analytics (Agmatix, 2024).
4. Predictive Analytics & Machine-Learning Models: Statistical and ML algorithms
calibrated with a history of pest–climate–yield correlations to produce spatial risk
probability maps.
5. Decision-Support & Alert Dashboard: Farmer-, extension officer-, and policymaker-
friendly dashboards with risk thresholds and management recommendations such as
resistant-variety planting, biological control, or targeted spraying.
6. Feedback & Continuous-Learning Loop: Field-level feedback and results are re-input
into the model to hone accuracy over time.
Framework Flow
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Expected Outcomes
The system aims to:

● Enable early detection of pest population increases linked to climate variability.
● Encourage risk-based planting and IPM decision-making at farm and community

levels.
● Facilitate lower yield losses, improved climate resilience, and more sustainable

cassava production systems.
● Provide a scalable decision-support model that can be applied to other climate-

sensitive staples.
By connecting disparate datasets in a cloud-hosted predictive platform, this conceptual
framework bridges the scientific-clinical gap between climate science and farm-level
decision-making, towards safeguarding cassava yields from increasing climate-driven
pest pressures.

Methodology
The study applies a conceptual research design for designing and outlining the
envisioned cloud-assisted predictive analytics framework for the control of climate-
driven cassava pest epidemics.
The methodology describes the data context, analytical procedure, and implementation
path that may be adopted by subsequent empirical applications.
1. Data Sources and Collection

● The model relies on the integration of three forms of datasets: Climate and
Weather Data: Daily rainfall, temperature, relative humidity, and drought indices
will be obtained from national meteorological agencies (e.g., the Nigerian
Meteorological Agency [NiMet]) and satellite-based services such as NASA's
POWER and Copernicus Climate Data Store.

● Pest and Crop Health Observations: Historical records of cassava pest
epidemics (e.g., CMD, CBSD, whiteflies, mealybugs), field diaries kept by farmers,
and agricultural extension reports will be collected from state agricultural
development programs and the International Institute of Tropical Agriculture
(IITA).

Remote-Sensing & Soil-Health Data: Normalized Difference Vegetation Index (NDVI),
canopy temperature, leaf wetness, and soil moisture will be extracted from Sentinel-2
and MODIS imagery to identify signs of early plant stress.

2. Cloud Data Architecture: A cloud-hosted data warehouse, e.g., AWS S3 or Google
Cloud BigQuery, will be used for the storage, cleaning, and integration of data.
An ETL (Extract, Transform, Load) pipeline will be utilized for processing automatic data
ingestion from various data sources in structured formats to make it scalable and
available to stakeholders
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3. Predictive Analytics Strategy
The predictive module will combine statistical and machine-learning models:
Time-Series Forecasting: Autoregressive Integrated Moving Average (ARIMA) models
for rainfall and temperature trends.

● Classification Models: Random Forest or Gradient-Boosted Trees to map pest
occurrence against climate variables.

● Risk Mapping: Geospatial analysis (using platforms such as Google Earth Engine)
to create pest outbreak probability maps at the district and regional levels.

● Model training using 70% historical data for training and 30% for validation,
measuring accuracy with cross-validation techniques.

4. Early-Warning Decision Dashboard
Output of predictive models will be presented on a mobile-friendly dashboard.
Key features will be:

● Color-coded warnings of risk (low, moderate, high outbreak risk).
● Recommended mitigation actions (release of resistant cassava varieties, shift in

planting date).
● Capacity for extension officers and farmers to give real-time observation of pests

to update the model continuously.

5. Ethical Implications and Data Management: All data collected will adhere to FAIR
data principles (Findable, Accessible, Interoperable, Reusable) and will preserve farmer
privacy.Data-sharing agreements will be signed with local agencies to ensure
confidentiality and equitable access.
6. Validation and Evaluation:The model performance will be evaluated through:

● Precision, recall, and F1-score for outbreak risk classification.
● Root Mean Square Error (RMSE) of time-series climate forecasts.
● User-acceptance testing with extension agents and farmers to evaluate

dashboard usability and decision support worth.

Discussion and Implications
The cloud-based predictive analytics framework described above demonstrates a
feasible roadmap for utilizing emerging digital technologies to address climate-induced
cassava pest infestations. By integrating climate variability, pest ecology, and data-
driven early warning tools, the framework has the following significant insights and
implications:

1. Improving Climate-Smart Agriculture
The integration of real-time weather with machine-learning-informed forecasts of pest
danger gives cassava-producing regions an anticipatory protection mechanism. It can
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notably reduce crop loss, increase yield stability, and improve farmers' climate-shock
resilience. The conceptual model coheres with current efforts in climate-smart
agriculture by promoting anticipation rather than reaction to pest threats.
2. Evidence-Based Decision Support
The use of risk maps and early-warning dashboards has the potential to transform
agricultural decision-making. For example:

● Farmers can adjust on-time pesticide spraying, plant resistant cassava varieties,
or adjust planting times.

● Extension agents get real-time regional notifications to guide targeted
interventions.

● Policy-makers can better target pest-control resources where they are most
needed in high-risk zones.

3. Closing Technology Gaps in Smallholder Farming
Despite advancements in digital agriculture, many sub-Saharan African smallholder
farmers remain behind due to costs, poor connectivity, and a lack of technical literacy. A
cloud-based platform bridges infrastructure gaps by centralizing data analysis and
processing within the cloud and delivering insights via mobile-compatible dashboards
that are simpler to navigate for rural users.
4. Support Collaboration in Research and Knowledge-Sharing
The building provides an opportunity for interdisciplinarity among climate scientists,
plant pathologists, data engineers, and agricultural economists. The building also calls
for open-data policies facilitating regional as well as cross-border sharing of pest
surveillance data, vital for pests that neither respect geopolitical boundaries.
5. Policy and Governance Implications
To introduce it successfully requires strong data-governance frameworks, including
privacy protection, sharing contracts, and ethical norms for applying AI in agriculture.
The ministries of agriculture, as well as the national agriculture research organizations,
need to be engaged to assist with long-term sustainability, sufficient finances, and
integration into national pest-management programs.

6. Limitations and Future Work
There is no empirical validation of the models as this is a conceptual work. Future
research should focus on:

● Pilot schemes in risk-cassava belts to confirm predictive precision.
● Socio-economic surveys of adoption barriers and farmer intention to use cloud

tools.
● Synthesis of satellite-induced soil-moisture dynamics and pest life-cycle

simulation for more precise predictions.

Conclusion and Recommendations
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This paper proposed a conceptual model of cloud-facilitated predictive analytics for
managing climate-induced cassava pest epidemics. Combining climate data, pest
ecology knowledge, and machine-learning models hosted in the cloud, the model
suggests an avenue where pest management would be transformed from reactive
measures into proactive early-warning systems.

The framework highlights that timely, evidence-based interventions are effective in
lowering crop losses due to pests, enhancing cassava yield stability, and making
smallholder farmers more resilient to climate variability. In addition, its cloud
infrastructure basis supports scalability, regional coordination, and availability even in
resource-poor farming communities.
Still, the actual operational effectiveness of such a framework hinges on a number of
enabling factors:

● Access to high-quality and standardized data from proximate weather stations,
pest surveillance systems, and remote sensing technology.

● Extension agent and farmer capacity building to comprehend and act upon
predictive analysis.

● Financing for public–private partnerships to invest in infrastructure, maintain
cloud platforms, and price predictive tools within reach.

● Political will to introduce predictive pest management into national agriculture
strategies and climate adaptation plans.

Recommendations
1. Pilot Implementation: Establish regional pilot programs in major cassava belts to
validate predictive accuracy and user acceptance.
2. Stakeholder Engagement: Participation of local farmer organizations, extension
services, agro-tech start-ups, and policy-makers at the initial design phase.
3. Data Integration: Establish centralized open-data platforms that integrate pest
monitoring, climatic data, and soil profiles to improve the quality of prediction.
4. Policy Alignment: Assist agriculture support ministries to develop policies for ethical
use of AI in agriculture, managing data, and incentives for adopting early-warning
technologies.
5. Continuous Improvement: Promote on-going model updating based on user feedback
from on-ground usage, adding additional pest species, and integrating socio-economic
factors.

In conclusion, the framework herein presented offers a strategic platform for climate-
smart, evidence-based pest management of cassava production systems. By closing
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knowledge, governance, and technology gaps, it offers an action agenda on how
researchers, policy-makers, and farmers can collaborate in ensuring food security and
sustainability in cassava-dependent communities.

References
Agmatix. (2024). The importance of predictive analytics in agriculture – making sound
future decisions based on statistical science and big data. Agmatix Blog.
https://www.agmatix.com/

Alonso Chavez, V., et al. (2021). Modelling host–pest dynamics of cassava mosaic and
brown streak diseases: Gaps and opportunities for climate-driven early-warning
systems. Plant Disease Modelling Review, 35(4), 233-247.

Food and Agriculture Organization [FAO]. (2023). Impact of climate change on pests
and diseases of cassava crop. Food Tank.

Godding, R., Mwangi, P., & Okoth, J. (2023). Stochastic landscape-scale modelling of
cassava brown streak disease in Uganda under alternative management scenarios.
Journal of Plant Pathology and Protection, 130(2), 211-225.

Joven, B., Smith, G., & Graziosi, I. (2016, March 31). Climate variability aggravates pest
and disease problems in cassava in Southeast Asia. CCAFS/CIAT News.
https://ccafs.cgiar.org/news/climate-variability-cassava-pests-SEA

Katono, K., Sseruwagi, P., & Omongo, C. A. (2022). Thermal-dependent development and
survival of Bemisia tabaci SSA1 on cassava in East Africa. Insect Science, 29(5), 1073-
1084.

Kramarz, M. (2025). Adoption of decision-support technologies in fragmented
smallholder agriculture: Barriers and opportunities. Computers and Electronics in
Agriculture, 213, 108-121.

Mutembesa, D., Omongo, C. A., & Mwebaze, E. (2018). Mobile ad-hoc surveillance of
cassava viral diseases in Uganda: A 76-week crowdsourcing trial. Computers and
Electronics in Agriculture, 152, 35-44.

Sabu, B. K., & Kumar, A. (2020). Forecasting arecanut price volatility using SARIMA, Holt-
Winter’s and LSTM models: Implications for agri-market decision-support. Agricultural
Economics Research Review, 33(1), 45-57.



Ogunmoroti Olapeju Esther

Sseruwagi, P., Turyagyenda, L. F., & Otim, M. E. (2018). Influence of temperature and
rainfall on whitefly abundance and cassava mosaic disease dynamics in sub-Saharan
Africa. Journal of Plant Protection Research, 58(2), 121-130.

Subedi, R., Singh, P., & Tiwari, S. (2023). Climate-change impacts on insect pest
physiology, phenology and outbreaks: Implications for global food security. Frontiers in
Agronomy, 5, 119-130. https://doi.org/10.3389/fagro.2023.119130

Kramarz, P. (2025). Possibilities of using decision support systems for agriculture in
areas with high agrarian fragmentation. Warsaw University of Life Sciences – Institute
of Economics and Finances. (Accepted March 10, 2025).


