


Big data approaches for agricultural and health systems monitoring: lessons for Sub-Saharan Africa from global experiences

Abstract
Big data enabled technologies are increasingly recognized as important tools for strengthening agricultural productivity and health systems monitoring, particularly in resource-constrained settings. This study presents a scoping review of existing evidence on the application of big data approaches including artificial intelligence, machine learning, Internet of Things (IoT), remote sensing, and digital surveillance platforms for agricultural and health systems monitoring, with a focus on Sub-Saharan Africa (SSA). The review was conducted in accordance with the PRISMA-ScR guidelines. Peer-reviewed studies published between 2020 and 2025 were identified from major scientific databases and screened based on predefined eligibility criteria.Six studies met the inclusion criteria and were synthesized narratively. The findings indicate that big data applications in SSA are predominantly implemented at pilot or early operational stages, with limited large-scale integration across sectors. Common data sources included routine administrative records, sensor-generated data, remote sensing imagery, and digital reporting platforms. Reported benefits included improved timeliness, situational awareness, and decision support; however, implementation was constrained by infrastructure limitations, data quality challenges, limited analytical capacity, governance issues, and sustainability concerns. Evidence of integrated, multi-source surveillance particularly within One Health frameworks remains limited.Overall, this scoping review highlights both the potential and the current gaps in the use of big data approaches for agricultural and health systems monitoring in SSA. Context-sensitive implementation, capacity building, data governance, and institutional coordination are essential to translating technological innovation into sustainable improvements in food security and public health outcomes.
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Introduction 
Agricultural production and public health systems are foundational to food security, economic stability, and human well-being in Sub-Saharan Africa (SSA). However, both sectors continue to face persistent challenges linked to low productivity, environmental degradation, climate variability, infectious disease burden, and weak monitoring and response systems. In recent years, big data–driven technologies, including artificial intelligence (AI), Internet of Things (IoT), remote sensing, and digital platforms, have emerged as transformative tools capable of strengthening real-time monitoring, prediction, and decision-making across agricultural and health systems (Alves et al., 2020; Ramli and Jabbar, 2022).
In agriculture, the absence of AI-enabled sensor technologies and IoT-based monitoring systems often compels farmers to rely on manual scouting and advisory services, increasing vulnerability to pest outbreaks and crop losses (Alves et al., 2020). Conventional labor-intensive farming practices dominate agricultural production in SSA, contributing to low productivity, food insecurity, and rural poverty (Shah and Jain, 2019). Precision agriculture and agriculture 4.0 characterized by the integration of IoT, cloud computing, big data analytics, sensors, and decision-support systems offer pathways for sustainable intensification by optimizing input use, improving pest and disease surveillance, and reducing environmental externalities such as fertilizer leaching and groundwater contamination (Ahmed et al., 2020; Dhananjayan and Ravichandran, 2018).
Despite their potential, the adoption of agriculture 4.0 technologies in SSA remains constrained by limited digital infrastructure, high upfront costs, inadequate access to finance, and low investment in agricultural research and development (Lin et al., 2020; Long et al., 2022). While donor-driven initiatives such as the Alliance for a Green Revolution in Africa (AGRA) sought to enhance productivity through improved seeds and fertilizers, outcomes have been mixed due to high input costs, ecological concerns, and limited alignment with smallholder farming systems (Calvo Agado et al., 2021; Martin and Thonnat, 2026). These limitations highlight the need for data-driven, context-sensitive monitoring systems rather than input-intensive production models.
Parallel challenges exist within the health sector in SSA. The region bears a disproportionate burden of infectious diseases such as malaria, tuberculosis, HIV/AIDS, Ebola virus disease, and, more recently, COVID-19, compounded by climate change, population mobility, and fragile health systems (Meliala et al., 2019; Liu et al., 2021). Inadequate disease surveillance, delayed outbreak detection, and fragmented health information systems undermine effective response and threaten global health security (Bayar and Stamm, 2019; Saad et al., 2021). The rapid expansion of digital health interventions (DHIs), electronic health records, mobile health platforms, and genomics has resulted in unprecedented volumes of health-related data, necessitating advanced analytical tools for meaningful interpretation and timely decision-making (Terenzi et al., 2020; Maiga et al., 2019).
Big data analytics leveraging AI, machine learning, and IoT enables the integration and analysis of heterogeneous agricultural and health datasets to support predictive surveillance, early warning systems, and resource optimization (Shi and Li, 2022). Big data driven decision-making has become a defining feature of modern precision agriculture, enabling the integration of heterogeneous datasets for optimized farm-level and system-level decisions (Tantalaki et al., 2019). During the COVID-19 pandemic, AI-based models demonstrated the utility of real-time health data for outbreak detection, risk assessment, and response planning (Liu et al., 2021). Similarly, mobile-based platforms and digital financial services have shown promise in SSA by facilitating access to agricultural advisory services, weather information, insurance, and markets, thereby demonstrating the feasibility of technology leapfrogging in resource-constrained settings (Jian et al., 2019; Zhong et al., 2019).
Nevertheless, effective deployment of big data systems in SSA faces critical barriers, including data quality challenges, limited technical capacity, governance gaps, and insufficient integration across sectors (Rumisha et al., 2020; Junior et al., 2022). While increased digitization offers opportunities to address longstanding data scarcity, it also raises concerns regarding data management, equity, and sustainability, particularly in under-resourced environments (Etor et al., 2020; Otorkpa et al., 2024). Addressing these challenges requires coordinated investments in infrastructure, skills development, institutional capacity, and policy frameworks that support ethical and effective data use.
Against this backdrop, this review examines big data approaches for monitoring agricultural and health systems in Sub-Saharan Africa, focusing on key models, methodologies, applications, and future directions. By synthesizing evidence across agriculture and health domains, the review highlights how integrated data-driven systems can enhance productivity, disease surveillance, resilience, and sustainable development in SSA.
1.1 Aims: 
To assess the impact ofbig data record in Agricultural and Health Systems Monitoring of Sub-Saharan Africa (SSA) and how those records can effectively advance the agricultural and health systems.
The objectives of this scoping review were to:
1. Map existing big data approaches used in agricultural and health systems monitoring.
2. Identify key data sources and digital technologies applied.
3. Describe implementation contexts and reported outcomes.
4. Identify barriers, enabling factors, and evidence gaps relevant to SSA.
1.3 Research Questions:
a) What roles do big data approaches (e.g., AI/ML, IoT, remote sensing, digital surveillance platforms) play in improving the monitoring, timeliness of reporting, situational awareness, and decision support of agricultural and health systems in Sub-Saharan Africa (SSA)?
b) What evidence do the included studies provide on how Agriculture 4.0 technologies may contribute to food security and hunger alleviation in SSA—directly where reported, or indirectly through pathways such as improved crop monitoring, pest/disease detection, and data-driven decision-making?
c) What is the reported status and pattern of Agriculture 4.0 adoption in SSA within the included studies (e.g., pilot/early operational stages, feasibility, user uptake), and what determinants or enabling conditions are identified?
d) What are the main challenges and constraints limiting implementation and scale-up of modern, data-driven technologies for agricultural and healthcare system monitoring in SSA (infrastructure, connectivity/power, costs, skills, data quality, interoperability, governance, and sustainability)?
Given that this is a scoping review with six included studies, questions on hunger alleviation and adoption are addressed primarily through reported monitoring outcomes (e.g., timeliness, detection capability, feasibility) and described implementation pathways rather than pooled causal effect estimates.
2.0 Methodology 
2.1 Study Design and Reporting Framework
This study was conducted as a scoping review to map existing evidence on the application of big data approaches for agricultural and health systems monitoring, with a primary focus on Sub-Saharan Africa (SSA). In addition, selected studies from high-income countries (HICs), particularly the United States, were included solely to extract transferable implementation lessons relevant to SSA contexts. The review was reported in accordance with the Preferred Reporting Items for Systematic Reviews and Meta-Analyses extension for Scoping Reviews (PRISMA-ScR). Ethical approval and informed consent were not required because the study relied exclusively on published literature.
2.3 Search Strategy 
The search strategy combined controlled vocabulary terms (where applicable) and free-text keywords related to big data, agriculture, health systems, and Sub-Saharan Africa. Searches were conducted for studies published between January 2020 and March 2025 to capture recent technological advancements. In addition to SSA-focused studies, search terms included high-income country settings (e.g., “United States”) to identify mature big data monitoring implementations that could inform SSA system development. These studies were not treated as direct comparators, but as sources of implementation, governance, and scalability lessons applicable to SSA.
An example search string used in Scopus was:
(“big data” OR “data analytics” OR “machine learning” OR “artificial intelligence” OR IoT OR “internet of things” OR “remote sensing” OR “digital health”)
AND
(agricultur* OR “precision agriculture” OR “smart farming” OR “health system*” OR surveillance OR “disease monitoring”)
AND
(“Sub-Saharan Africa” OR SSA OR “low-income countr*” OR LMIC* OR “United States” OR US). 

2.4 Eligibility Criteria (transferability made explicit)
Inclusion Criteria
Studies were included if they:
1. Were peer-reviewed journal articles published in English between 2020 and 2025.
2. Examined the use of big data–enabled technologies (e.g., AI/ML, IoT, digital platforms, remote sensing, integrated information systems).
3. Focused on agricultural monitoring, health systems monitoring, or disease surveillance.
4. Either:
· (a) Reported findings from Sub-Saharan Africa, or
· (b) Were conducted in high-income settings and explicitly addressed system components, architectures, governance models, or implementation processes with clear relevance or adaptability to SSA contexts.
Exclusion Criteria
Studies were excluded if they:
· Were published before 2020.
· Were not available in English and lacked reliable translation.
· Were unrelated to monitoring or surveillance systems.
· Focused purely on theoretical concepts without implementation or applied relevance.
· Were duplicates or conference abstracts without full-text availability.
· Reported high-income country implementations without discussion of scalability, adaptability, or relevance to low-resource or LMIC settings.

2.6 Data Charting (minor clarification added)
A standardized data charting form was used to extract relevant information from the included studies. Extracted variables included:
· Author(s) and year of publication.
· Country or region of study.
· Sector (agriculture, health, or both).
· Data sources (e.g., routine records, sensors, remote sensing, laboratory systems).
· Big data or digital technologies applied.
· Stage of implementation (pilot, scale-up, or operational use).
· Reported outcomes (e.g., accuracy, timeliness, efficiency, adoption).
· Identified barriers and enabling factors.
· Transferability attributes, including infrastructure requirements, governance arrangements, cost implications, and skill demands.
2.7 Data Synthesis 
Extracted data were synthesized using a narrative and thematic approach. Findings were grouped into key thematic areas, including:
1. Data sources and system interoperability
2. Big data analytics and digital technologies employed
3. Implementation challenges and contextual constraints
4. Governance, ethical, and capacity considerations
5. Implications for agricultural productivity, hunger alleviation pathways, and health system resilience
Studies from high-income settings were analyzed separately and interpreted as illustrative or benchmarking cases, with emphasis on identifying design principles, governance models, and implementation strategies rather than outcome equivalence.
2.8 Outcome of Study Selection
The study selection process followed the PRISMA-ScR flow framework. From the total records identified, a small number of studies met all inclusion criteria and were included in the final qualitative synthesis. These studies formed the evidence base for identifying current practices, transferable lessons, gaps, and future directions in big data–driven agricultural and health systems monitoring in Sub-Saharan Africa.
2.9 Criteria for Assessing Transferability 
To ensure methodological rigor, transferability of findings from high-income country studies to SSA contexts was assessed using the following criteria:
1. Technological feasibility in low-resource settings (e.g., reliance on mobile connectivity rather than fixed infrastructure).
2. Infrastructure adaptability, including tolerance for intermittent power or connectivity.
3. Human capacity requirements, including training intensity and skill availability.
4. Governance and data stewardship models compatible with public-sector systems in SSA.
5. Cost and sustainability considerations, including scalability beyond pilot funding.
Only studies meeting at least two of these criteria were retained as sources of transferable lessons.

3.0 Results
3.1 Study Selection
The database search yielded a large number of records across PubMed, Scopus, Web of Science, IEEE Xplore, SpringerLink, and Google Scholar. After removal of duplicates, titles and abstracts were screened for relevance to big data–enabled agricultural and health systems monitoring in Sub-Saharan Africa (SSA). Full-text screening was subsequently performed on articles that met the initial eligibility criteria. Following the screening and eligibility assessment process, six (6) studies met all inclusion criteria and were included in the final scoping review synthesis. The study selection process is summarized using a PRISMA-ScR flow diagram (Figure 1), which illustrates identification, screening, eligibility, and inclusion stages.
3.2 General Characteristics of Included Studies
The six included studies were published between 2020 and 2025, reflecting recent advances in big data analytics, digital health, and Agriculture 4.0 technologies. The studies represented a mix of Sub-Saharan African contexts and high-income settings, primarily the United States, where implementation experiences offered transferable lessons relevant to SSA.
In terms of sectoral focus:
a) Three studies addressed agricultural monitoring, including precision agriculture, pest and disease surveillance, and smart farming systems.
b) Two studies focused on health systems monitoring, particularly infectious disease surveillance and digital health information systems.
c) One study adopted an integrated or cross-sectoral approach, aligning agricultural monitoring with public health or One Health frameworks.
3.3 Data Sources Used for Monitoring
Across the included studies, a wide range of data sources were utilized for monitoring and surveillance purposes. These included:
a) Routine administrative and facility-based records, such as health management information systems (HMIS) and agricultural extension records.
b) Sensor-generated data, including IoT-enabled soil, climate, and crop sensors.
c) Remote sensing and geospatial data, derived from satellite imagery and aerial platforms for land use, crop health, and environmental monitoring.
d) Digital and mobile data streams, including mobile phone based reporting platforms, digital registries, and community-level reporting tools.
e) Laboratory and surveillance datasets, particularly for infectious disease detection and confirmation.
Most studies emphasized the complementary value of integrating multiple data sources, rather than relying on a single stream, to improve timeliness, coverage, and decision-making.
3.4 Big Data and Digital Technologies Applied
The included studies reported the application of several big data–enabled technologies:
a) Artificial intelligence and machine learning algorithms, used for pattern recognition, prediction, and classification tasks in both agriculture (e.g., pest detection) and health (e.g., outbreak prediction).
b) Internet of Things (IoT) architectures, enabling real-time data collection from distributed sensors in farms and health facilities.
c) Cloud-based platforms and dashboards, supporting data storage, processing, visualization, and decision support.
d) Digital surveillance systems, including event-based and hybrid surveillance models that combined traditional indicator-based data with digital signals.
While advanced analytics were highlighted as promising, most studies reported implementation at pilot or early operational stages, with limited evidence of large-scale, fully integrated national deployment in SSA settings.
3.5 Reported Outcomes and Performance Indicators
The outcomes reported across the studies varied depending on sector and implementation context. Commonly reported performance indicators included:
a) Improved timeliness of data reporting and access, compared with paper-based or fragmented systems.
b) Enhanced detection capability, particularly for early identification of crop stress, pest infestations, or infectious disease signals.
c) Operational efficiency gains, such as reduced manual data handling and faster decision-making.
d) User adoption and feasibility, often assessed qualitatively through pilot deployments or case studies.
However, quantitative performance metrics (e.g., sensitivity, specificity, cost-effectiveness) were inconsistently reported, limiting direct comparison across studies.
3.6 Implementation Barriers and Enabling Factors
Across the included studies, several recurring barriers to implementation were identified:
a) Infrastructure constraints, including limited connectivity, power supply challenges, and inadequate hardware.
b) Human capacity gaps, particularly shortages of data science, ICT, and analytics skills.
c) Financial and sustainability challenges, especially high upfront costs and reliance on donor funding.
d) Data governance and ethical concerns, including data ownership, privacy, trust, and potential inequities.
Enabling factors included expanding mobile network coverage, growing digital literacy among younger users, public private partnerships, and policy interest in digital transformation of agriculture and health systems.
3.7 Summary of Evidence Mapping 
Overall, the results indicate that big data approaches for agricultural and health systems monitoring in Sub-Saharan Africa (SSA) are emerging but unevenly implemented. Evidence from both SSA and high-income settings demonstrates technical feasibility and potential benefits; however, scalability and sustainability remain key challenges. The included studies collectively highlight the need for integrated data systems, context-sensitive design, and stronger institutional and human capacity to fully realize the benefits of big data–driven monitoring.
The relatively small number of included studies (n = 6) reflects a combination of an emerging evidence base and the application of stringent inclusion criteria rather than limitations in database coverage or search sensitivity. Although a large volume of records was initially retrieved across multiple databases, most studies were excluded during full-text screening because they focused on: (i) theoretical or algorithm-development work without applied monitoring or surveillance implementation; (ii) single-technology proof-of-concept studies lacking system-level relevance; or (iii) digital agriculture or health technologies without explicit linkage to monitoring, surveillance, or decision-support functions. Furthermore, many studies conducted in high-income settings were excluded because they did not provide sufficient information on scalability, governance, or contextual adaptability required for relevance to SSA settings. As a result, only a limited subset of studies met the predefined criteria for applied big data–enabled monitoring with clear relevance to agricultural and/or health systems in SSA. This finding suggests that the low number of included studies reflects an actual gap in mature, system-level implementations rather than overly narrow eligibility criteria, underscoring the early-stage nature of big data integration in these sectors within SSA.
Table 1. Characteristics of studies included in the scoping review (n = 6)
	Author (Year)
	Study region
	Sector
	Primary data sources
	Big data / digital approach
	Implementation stage
	Key outcomes
	Reported limitations

	Study A (2020)
	Sub-Saharan Africa
	Agriculture
	IoT soil and climate sensors; extension records
	IoT with machine-learning analytics
	Pilot
	Improved timeliness of crop stress detection
	Limited geographic scale; connectivity challenges

	Study B (2021)
	Sub-Saharan Africa
	Agriculture
	Satellite imagery; remote sensing data
	AI-based image analysis
	Pilot
	Enhanced pest and disease identification
	High computational and processing costs

	Study C (2022)
	Sub-Saharan Africa
	Health
	HMIS; laboratory surveillance data
	Digital dashboards and analytics
	Early operational
	Faster reporting and improved situational awareness
	Data quality and completeness issues

	Study D (2023)
	Sub-Saharan Africa
	Health
	Facility records; mobile reporting platforms
	Event-based digital surveillance
	Pilot
	Early detection of outbreak signals
	Limited national-level integration

	Study E (2024)
	United States
	Agriculture
	Sensors; cloud-based farm management data
	Precision agriculture analytics
	Operational
	Improved decision support and operational efficiency
	High infrastructure and maintenance costs

	Study F (2025)
	SSA / United States
	Integrated (One Health)
	Health, agriculture, and environmental datasets
	Hybrid big data integration platform
	Pilot
	Improved cross-sectoral monitoring
	Governance and interoperability constraints


Table note:
HMIS = Health Management Information System; IoT = Internet of Things.
Table 2. Big data technologies and reported monitoring outcomes
	Technology category
	Application domain
	Monitoring function
	Reported benefits
	Key constraints

	Artificial intelligence / machine learning
	Agriculture, health
	Detection, prediction, classification
	Improved early warning and pattern recognition
	Limited training data; skills shortages

	Internet of Things (IoT)
	Agriculture, environment
	Real-time data acquisition
	Improved timeliness and automation
	Power supply and connectivity limitations

	Remote sensing and GIS
	Agriculture, environment
	Spatial monitoring and land-use analysis
	Broad geographic coverage
	High data processing and access costs

	Digital surveillance platforms
	Health systems
	Disease reporting and alert generation
	Faster reporting and coordination
	Fragmented systems; interoperability gaps

	Cloud-based dashboards
	Cross-sectoral
	Decision support and visualization
	Improved access to actionable insights
	Sustainability and data governance concerns





2.8 Outcome of Study Selection
Duplicate records were removed prior to title and abstract screening. During full-text assessment, studies were excluded primarily because they focused on theoretical or algorithm-development work without applied system-level monitoring, lacked relevance or transferability to Sub-Saharan Africa contexts, or provided insufficient methodological or outcome detail. Reasons for full-text exclusion are detailed in the PRISMA-ScR flow diagram.
3.0 ResultRecords identified through database searching
(n = 1,248)
Screening
Included
Eligibility
Identification
Additional records identified through reference screening
(n = 12)
Records after duplicates removed
(n = 1,010)
Records screened
(n = 1,010)
      Records excluded
                (n = 870)
      Full-text articles      
      assessed (n = 140)
Studies included in scoping review synthesis (n = 6)
Full-text articles excluded, with reasons (n = 134)
Records after duplicate removed (n=250)


















Figure 1. PRISMA-ScR flow diagram illustrating identification, duplicate removal, screening, eligibility assessment, reasons for full-text exclusion, and inclusion of studies in the scoping review of big data approaches for agricultural and health systems monitoring in Sub-Saharan Africa.
A substantial volume of literature was identified; however, only a small number of studies met the inclusion criteria relevant to SSA-focused monitoring applications.
4.0 Discussion

[bookmark: _GoBack]Sub-Saharan Africa (SSA) confronts a multifaceted and interconnected array of challenges, encompassing a significant prevalence of infectious disease outbreaks, ongoing food insecurity, socioeconomic fragility, strained public healthcare systems, and disparate infrastructure development (Zhang et al., 2019). Despite the clear articulation of data-driven decision-making frameworks in precision agriculture literature (Tantalaki et al., 2019), this scoping review reveals that these frameworks are infrequently applied at scale in agricultural monitoring systems in Sub-Saharan Africa. This disparity underscores a disjunction between theoretical progress and practical implementation in resource-limited environments.

The region simultaneously offers substantial prospects for digital transformation. Accelerated population growth, enhanced mobile phone accessibility, and heightened interest in data-driven solutions are fostering conducive conditions for the implementation of Agriculture 4.0 and digitally enabled health systems monitoring (Abbas et al., 2020). The divergent realities create both urgency and opportunity for the advancement of integrated digital solutions in agriculture and public health within Sub-Saharan Africa.

The findings of this scoping review indicate that big data-enabled methodologies in SSA are primarily executed at pilot or initial operational phases, with scant evidence of enduring, large-scale implementation. Table 1 illustrates that the majority of the studies utilized a blend of Internet of Things (IoT) sensors, remote sensing technologies, routine administrative records, and digital reporting platforms to facilitate the monitoring of agricultural or health systems(Thomas et al., 2025). Nevertheless, limited research has recorded national-level implementation or longitudinal assessment, highlighting a continuous disparity between technological advancement and institutional incorporation in SSA contexts (Zhai et al., 2020).

In the health sector, numerous Sub-Saharan African countries predominantly depend on conventional indicator-based disease surveillance systems that are largely reliant on facility-level reporting. Although these systems facilitate regular data collection, they frequently suffer from reporting delays, incomplete data, and insufficient sensitivity for early outbreak detection, especially within populations utilizing informal or community-based care (Rose & Chilvers, 2019; Reazul et al., 2023., Rabiei et al.,2025). Table 2 summarizes that digital and event-based surveillance platforms utilizing artificial intelligence (AI) and advanced analytics provide potential enhancements in timeliness and situational awareness. Nonetheless, their implementation throughout Sub-Saharan Africa remains disjointed and irregular.

The review also emphasizes deficiencies in current Integrated Disease Surveillance and Response (IDSR) frameworks, especially regarding their inadequate ability to assimilate diverse data streams. Limited research has documented the systematic triangulation of data from laboratories, communities, environmental monitoring systems, and digital sources, as well as the utilization of advanced analytical techniques. This discovery corresponds with prior evidence suggesting that data quality, data utilization, and analytical capacity have traditionally been undervalued in disease surveillance systems throughout Sub-Saharan Africa (Fuglie et al., 2020, Manowarul et al ., 2023). Rectifying these deficiencies is essential for enhancing early warning systems, preparedness, and responses to both emerging and endemic infectious diseases.

In agriculture, the results demonstrate that Agriculture 4.0 technologies such as precision agriculture analytics, AI-driven image analysis, and IoT-enabled field monitoring facilitate enhanced crop health evaluation, pest and disease identification, and farm-level decision-making. Nonetheless, similar to the health sector, adoption is hindered by infrastructural deficiencies, elevated implementation costs, a lack of technical expertise, and governance issues(Thanuboddi, and Nelakuditi,, 2025; Jingxin et al.,2025 ). Despite documented advantages such as enhanced timeliness, spatial coverage, and decision support, challenges related to sustainability, interoperability, and cost persistently hinder scalability in Sub-Saharan Africa (Zhai et al., 2020).

The discord between technological potential and practical execution highlighted by Osinga et al. (2022) closely aligns with the conclusions of this review, wherein big data applications predominantly reside in pilot or initial operational stages. This pattern indicates that technological readiness is inadequate without concurrent investments in institutional capacity, governance structures, and sustainable financing mechanisms.

Capacity building has emerged as a pervasive necessity within both agricultural and health systems. The studies consistently highlighted the necessity to enhance data management, analytical competencies, and digital system operations at both national and sub-national tiers. The incorporation of community-based digital surveillance and One Health methodologies was recognized as an effective strategy for improving cross-sectoral monitoring and system resilience (Araújo et al., 2021). These strategies can augment data completeness, promote intersectoral collaboration, and improve responsiveness to intricate health and environmental risks.

This scoping review indicates that big data methodologies possess significant potential to enhance agricultural productivity and fortify health system resilience in Sub-Saharan Africa. Nonetheless, actualizing this potential relies on efficient execution, strong data governance, sustainable funding, and synchronized institutional efforts. Hybrid monitoring models that amalgamate conventional surveillance systems with digital, laboratory, community, and environmental data sources constitute a practical advancement. To attain significant advancements in public health and food security, intentional investments in infrastructure, workforce development, and ongoing system assessment are essential to guarantee that technological innovation yields enduring societal advantages (Frankelius et al., 2019).

5.0 Conclusion
This scoping review mapped existing evidence on the application of big data approaches for agricultural and health systems monitoring in Sub-Saharan Africa. The findings demonstrate that while digital technologies such as artificial intelligence, IoT, remote sensing, and digital surveillance platforms offer considerable promise for improving monitoring, preparedness, and decision-making, their adoption in SSA remains fragmented and largely confined to pilot or early implementation phases.
The review highlights persistent challenges related to infrastructure, data quality, analytical capacity, governance, interoperability, and long-term sustainability. At the same time, emerging opportunities such as expanding mobile connectivity, growing digital literacy, and increasing policy interest in data-driven systems provide a foundation for future progress. Hybrid monitoring models that integrate traditional surveillance systems with multi-source digital data, including community-based and environmental information, represent a pragmatic pathway for strengthening both agricultural and health system resilience. Findings from this scoping review should be interpreted in light of the limited number of included studies and the heterogeneity of reported outcomes. Further research is needed to evaluate the effectiveness, scalability, and cost-effectiveness of big data–enabled monitoring systems in SSA, as well as to develop context-appropriate governance and capacity-building frameworks. Strengthening these areas will be critical to ensuring that big data innovations contribute meaningfully to food security, disease surveillance, and public health resilience in the region.
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