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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 
In recent years, the most challenging initiative for pest management decisions has been assisting farmers in automated artificial intelligence sensor-based technologies and Internet of Things (IoT) applications. A lack of artificial intelligent sensor-based technologies and IoT leads to farmers attempting to scout the pests themselves, enlisting the help of extension specialists and crop consultants to reduce the losses associated with insect pest crop damage (Alves et al., 2020).Agricultural activities are essential to ensuring food security and supporting economies worldwide. However, they often come with significant environmental costs, particularly affecting soil and groundwater resources. Groundwater, which provides nearly half of the world’s drinking water and is a critical resource for agricultural irrigation, is increasingly under threat from various forms of contamination (Ahmed et al., 2020). Among the well-documented impacts of agriculture on groundwater quality are nitrate leaching from fertilizers, pesticide infiltration, and the introduction of other trace organic pollutants. These contaminants are known to compromise water quality, posing risks to both human health and aquatic ecosystems.
In most parts of Sub-Saharan Africa (SSA), agricultural production and trade use conventional labor-intensive practices, which result in lower agricultural productivity, food insufficiency, hunger, malnutrition, and poverty (Shah and Jain, 2019). Due to its potential benefits for multiple stakeholders, precision agriculture (PA) could transform the patterns of agricultural production and trade by contributing to the improvement of food security across the continent. Being a disruptive technology, the PA has a strong capacity to tackle the surmountable challenges of low agricultural productivity, food insecurity, and rural poverty.Agricultural systems across the globe have evolved over the years. In the 18th century, which saw an increase in agricultural production due to improved land productivity from mechanized agriculture (Machado et al., 2019). Agricultural systems then evolved as a third Asian Green Revolution was introduced with a technology package of hybrid seeds, irrigation, modern pest control and synthetic fertilizers in the 1960s, and more recently to what is termed agriculture 4.0 meaning,the fourth agricultural revolution. Agriculture 4.0, a recent and potentially game-changing transition lacks a universally accepted definition. However, it encompasses the adoption of high technology solutions such as the internet of things (IoT), biotechnology innovations, cloud computing, precision agriculture, smart farming, drones, sensors, and robotics (Dhananjayan and Ravichandran, 2018). It is also underpinned by the idea of sustainable intensification, covering concepts that are in line with sustainable food production and better agricultural systems.
The Asian Green Revolution, which ended in 1990, has been credited with resolving food crises, reducing poverty, and offering potentially important lessons for sub-Saharan African (SSA) countries. Yet, the Asian Green Revolution has also proven to be controversial (Van Gathem et al., 2019). Criticisms include the inability of smallholder farmers to compete with larger farms, which led to increased inequality amongst farmers; and an increase in fertilizer use that led to eutrophication of streams and lakes (Karar et al., 2021).Taking a cue from the Asian Green Revolution, African agriculture policymakers, with the support of donors like the Bill and Melinda Gates Foundation, the Rockefeller Foundation, UK Aid, the United States Agency for International Development (USAID) and the Mastercard Foundation, proposed an African Green Revolution where improved seeds and fertilizers were to drive this process. This led to the creation of the Alliance for a Green Revolution in Africa (AGRA) in 2006. The broad goals of Alliance for a Green Revolution in Africa (AGRA) were to provide African smallholder farmers with high-yielding agricultural practices that would allow them to double their yields (Calvo Agado et al., 2021). Yet to date the evidence suggests that this, albeit ambitious, target has not been achieved. Critics variously suggest that Alliance for a Green Revolution in Africa(AGRA) did not achieve its goals due to the lack of consultations with farmers; the imposition of Western-type technologies not appropriate forSub-Saharan Africa’s(SSA) farming systems; high input costs that were not offset by sufficiently high yields; and a focus on chemicalintensive monoculture cropping that leads to loss of crop and diet diversity (Martin and Thonnat, 2026).Agriculture inSub-Saharan Africa(SSA) is mostly rainfed, and in many countries is dominated by smallholder farmers who tend to have low levels of irrigation, and face biophysical and institutional challenges on top of the recent neglect of the sector. These challenges include lack of insurance and inefficient credit markets, degraded soils, biodiversity loss, and climate change (Lin et al., 2020). Together these challenges exacerbate efforts to reduce food insecurity. Also, different strategies have been employed by smallholder farmers across Sub-Saharan Africa (SSA) to tackle these various challenges. For example, sustainable intensification of agriculture using new technologies has been highlighted in the literature as essential for producing additional food without reducing biodiversity and other ecosystem services (Tenorio et al., 2019). In some African countries, this has included the promotion and adoption of integrated pest management, conservation agriculture, agroforestry, and system improvements. Conservation agriculture (CA) which involves minimum tillage, diversified crop rotations and soil surface cover has been widely practiced in southern parts of Africa. This broad suite of technologies and practices has economic, agronomic, and environmental benefits (Shi and Li, 2022). These practices also reduce soil degradation and improve climate change management through carbon sequestration. 
Furthermore, addressing lack of irrigation in arid and semi-arid areas, in the western Sudano-Sahelian zones, rainwater harvesting techniques such as Zai (planting pits) are utilized in Burkina Faso; in northern Nigeria, integrated crop-livestock systems in a circular economy act as insurance against failure of one system and at the same time, improve the water holding capacity of soils for efficient food production (Zekiwos and Bruck, 2021). In eastern Africa, genetically modified (GM) water-efficient maize seed has been promoted among smallholder farmers by the International Maize and Wheat Improvement Centre (CIMMYT) in partnership with Monsanto PLC to adapt to rainfall variability. Also, farmers in Sub-Saharan Africa (SSA) do increasingly have access to rural micro, small and medium-sized enterprises (MSMEs) that seek to provide financing, better credit, and weather-indexed-based insurance against climate variability (Dalmia et al., 2020). Financial constraints and poor literacy are likely to affect the uptake of agriculture 4.0 technologies. Much of Sub-Saharan Africa’s (SSA) low-income rural population works in highly uncertain environments, with little access to capital, input and output markets, or crop insurance. These realities limit the ability of smallholder farmers to invest in “modern” technologies, especially those requiring upfront high-cost investments (Li and Yang, 2020). In addition, investment in agricultural research and development (R&D) as a percent of agricultural gross domestic product (GDP) in Sub-Saharan Africa (SSA) is relatively low at 0.38% between 2001 to 2013 on average and falling, and considerably lower than other regions in the world when measured per hectare of cropland or per agricultural laborer. Importantly for agriculture 4.0, a digital infrastructure funding gap of about one billion euros exists in Sub-Saharan Africa (SSA). This suggests a high degree of underfunding of agricultural research in Africa with implications for technology adoption (Long et al., 2022).
Meanwhile, efforts by African governments to increase investments in agriculture are yet to reach targeted goals. For instance, the African governments launched the Comprehensive African Agricultural Development Program (CAADP) in 2006 that commits them to spend at least 10% of their total budget on agriculture by 2025 (Parab et al., 2022). As of 2014, only Malawi, Zimbabwe and Mozambique had met or surpassed this target, with Zambia, Rwanda, and Niger close to reaching the target. And in 2017, only 20 out of the 47 reporting African Union (AU) countries remained on track to meet the 2025 commitments.Agriculture 4.0 technologies are generally perceived to be financially intensive, thereby making their deployment likely to be difficult for Africa’s smallholder farmers (Zhang et al., 2019). For instance, “next-generation” nano-sensor technology is being used to increase sustainable food production and better agricultural system in the United States of America and Australia. A fast speed method has recently been shown to increase chloroplast transformation in vitro with the potential of improving crop yields for crops such as arugula, watercress, spinach, and tobacco. These same technologies are being used for plant phenotyping and disease monitoring in the field (McCarthy et al., 2022). Yet their cost of deployment makes them currently almost certainly inaccessible to African smallholder farmers.
Also, a study on the perception of Brazilian farmers regarding the adoption of agriculture 4.0 technologies such as precision agriculture integrated with data from remote sensors on smartphones found that the cost of the machines, software, equipment, and connectivity was a constraint to adoption (Kumbhar et al., 2019). Moreover, capital availability has also been found to be a pre-requisite to the adoption of conservation agriculture technologies, especially where new equipment is needed. Additionally, financial, and agricultural advisory services technology start-ups such as;Esoko in Ghana, Farmcrowdy in Nigeria, and EcoFarmer in Zimbabwe, which offer farmer advice on input use, credit, and weather-indexed insurance, have received considerable attention in Sub-Saharan Africa (SSA). For instance, tech start-ups in these areas received investments of about 335 million Euros in 2018 (Wang et al., 2021). These investments will create employment opportunities and increase uptake of the digital technologies. This also suggests that financing agriculture 4.0 technologies, whilst still a constraint, may be less so in the future.
The reality for many African countries has been poorly developed physical infrastructure, including a low density of fixed telephone landlines and physical bank branches. This might historically have constrained economic development (Rapela, 2019). However, increasingly African countries have proven able to leapfrog these technologies. That is, rather than follow what might be considered traditional technology adoption pathways, taken earlier by HICs, African countries may be able to skip an intermediate technology stage.Examples of this technology leapfrogging that have already occurred that have particularly benefitted smallholder farmers relate to telecoms and banking. Also, many African countries have rapidly transitioned from having a very low penetration of fixed landlines and traditional bricks and mortar banking infrastructure to a relatively high proportion of households with access to mobile telephony and mobile banking (Jian et al., 2019). New and modern information and communication technologies (ICTs) have played critical roles in bridging key agricultural extension and development infrastructure gaps. The mobile money transfer service application, M-Pesa, was pioneered in Kenya by Vodafone and expanded into other Sub-Saharan Africa (SSA) countries such as Tanzania and South Africa. M-Pesa is transforming agriculture in Sub-Saharan Africa (SSA), by providing mobile payment systems to farmers that have enabled many to boost crop production and move out of subsistence agriculture (Zhong et al., 2019). Other agriculture 4.0 mobile-technology-supported financial and agricultural technologies such as ‘M-Farm’ and ‘Esoko’ have been widely adopted in Sub-Saharan Africa (SSA) countries such as Kenya and Ghana respectively. Esoko provides farmers with daily market prices for many key agricultural crops, using Short Message Services sent to farmers’ mobile phones, in addition to information on weather, market situation and farming tips.
Furthermore, many agriculture4.0 technologies rely on the fourth generation (4G) of broadband cellular network technology, cloud computing, and big data analytics (Kasinathan et al., 2021). Around 60% of Sub-Saharan Africa (SSA) smallholder farmers have access to mobile connection with an increasing network of 4G connections and Data Centers being developed in Sub-Saharan Africa (SSA), suggesting that Africa’s farmers are, in this respect, relatively well placed to take advantage of mobile phone-driven agriculture 4.0 technologies, that could also leverage the breakthroughs already recorded in ICTs’ adoption in Sub-Saharan Africa (SSA) and leapfrog the conventional technologies in agricultural advisory and financial services provision for the underserved (Ascolexet al., 2022).Agriculture 4.0 will almost certainly change the way of work for farmers and the culture around traditional ways of farming, whether in higher or lower-income countries. Some scholars are already asking whether agriculture 4.0 is the way forward for society in general, expressing concern that the social and ethical implications of adopting such technologies have not received adequate consideration in the design and implementation processes (Tian et al., 2021).These concerns, are likely to be just as relevant for African smallholder farmers as for those in higher-income countries, and indeed concerns over institutions, governance and the ethical implications of new technologies are nothing new. There have long been concerns over the ethics of hybrid seeds, and plant breeders’ rights. Efforts to increase mechanization in African farming have in the past been hampered by rent-seeking through elite capture and the lack of access to spare parts (Buschbacher et al., 2020). And sustainable intensification of agricultural systems across African countries has been hampered by weak institutions, whether due to poorly functioning markets or property rights over land. Notwithstanding, younger, and more educated farmers have been found to be more likely to adopt agriculture 4.0 technologies, and more broadly farmers are likely to need ICT skills and capabilities to fully embrace agriculture 4.0 (Zgank, 2021). Yet farmers in Sub-Saharan Africa (SSA) are less literate than those in HICs; farm workers less literate than non-farm workers, and many farmers lack the skills to operate sophisticated technologies and to collect and manage the high volume of data used to improve decision-making. This suggests that lack of education and skills in data management as a barrier to agriculture 4.0 adoption is likely to be an issue in some African countries. The gap in the quality of education and the need for more training in Africa have previously been highlighted in several African Union Commission Policy frameworks (Junior et al., 2022).
Nevertheless, despite scientific development to improve agricultural activities, yet the resilient effort in strengthening the health system which is required to protect and promote human health in Sub-Saharan Africa (SSA) continues to be confronted by long standing, emerging, and remerging infectious disease threats (Bayar and Stamm, 2019). The region vulnerability to infectious disease epidemics is driven by favorable climatic and ecological conditions for harboring pathogens and their vectors in an environment with high human and animal interactions. Migration of wild animals and birds, frequent uncontrolled movements of people, commodities, animals, and animal products across the national and international borders pose additional threats to the spread of infectious diseases (Saad et al., 2021). Unfortunately, the region has a relatively low capacity for risk management of disease epidemics, mainly due to inadequate resources for early detection, identification, and prompt response. The failure in the early detection and response to epidemics in Sub-Saharan Africa (SSA) is attributed to several factors, including; deficiency in the development and implementation of surveillance and response systems against infectious disease outbreaks as well as, digital health interventions (DHIs) which refer to the application of digital and mobile technologies to enhance health system service delivery is needed to improve patience health care (Terenzi et al., 2020). In recent years, advancements in computing, genomics, and artificial intelligence have increasingly been incorporated into the domain of digital health, defined by the World Health Organization (WHO) global strategy for 2020–25 as the field of knowledge and practice associated with the development and use of digital technologies to improve health (Ramli and Jabbar, 2022). Furthermore, monitoring and evaluation of health interventions are critical for assessing the efficiency, effectiveness, and impact of health programs. Monitoring involves the systematic and continuous collection, analysis, and use of data to track the progress of an intervention against pre-defined objectives and indicators (Duran and Jongsma, 2021). It focusses on the day-to-day activities and outputs, ensuring that the program is being implemented as planned and identifying any issues that may arise during implementation. Evaluation, on the other hand, is the systematic assessment of the relevance, effectiveness, efficiency, impact, and sustainability of an intervention (Petrozzino, 2021). It is typically conducted at specific points in time, such as mid-term or upon completion of the intervention, and provides an in-depth analysis of whether the intervention achieved its goals and why. Evaluations help determine the overall value and benefits of the program, guide decision-making for future interventions, and ensure accountability to stakeholders (Kipratoet al., 2022). Notwithstanding, some regions of Africa is undergoing an accelerated process of data digitization. Increased access to digital gadgets and use of the Internet, personal computers, and mobile devices along with advances in data storage and transfer capacity has been seen in Africa, which means that individuals, communities, and environments are becoming more visible to researchers, and with this new visibility comes the potential for improved understanding and more effective health interventions (Karamagiet al., 2022). Additionally, this digital revolution should be warmly welcomed by adherents to evidence-based medicine and public health. Given that, there have been complaints about a data vacuum in Africa for decades now, which has hampered efforts to provide effective clinical care, conduct rigorous scientific research, strengthen fragile health systems, and tackle emerging public health threats. The pendulum seems to have started moving in the opposite direction, with massive volumes of health-related data in sub-Saharan Africa being collected, analyzed, stored, shared, and utilized by numerous stakeholders (Etoriet al., 2020). But while scarcity of data constituted a problem, in the same manner does an abundance constitutes more problem. Whether having an abundance of data is a cause for celebration depends on several conditions, including how the data were gathered, how they are shared, who stands to benefit from the data, who may be burdened by the data, and in general how the data are likely to impact the health and well-being ofpopulations in need (Otorkpaet al., 2024). Meanwhile, the use of big data is being promoted in Africa, warnings can be heard coming from the industrialized North about the downsides of digital technologies. Some years ago, more than a thousand technology leaders wrote an open letter urging artificial intelligence (AI) labs to pause development of the most sophisticated systems, because they present profound risks to society and humanity. Words of caution and calls for reflection about the use of digital technologies are clearly nothing new (Bervell and Al-Samarraie, 2019). Furthermore, a field called critical data studies was devoted to the economic, political, ethical, and legal issues concerning data, including questions about social justice. However, a case can be made that Africa finds itself at a moment of vulnerability in this context. Additionally, critical data studies have been disproportionately focused on concerns in high-income countries; African critical data scholarship is relatively nascent. Also, public awareness in Africa about data science and potential concerns associated with it appears to be very low (Abbas et al., 2020). While this is an area for empirical research, citizens in high-income countries may have a stronger awareness that what they do on the Internet or with their phones to interact with their medical provider is being collected, and shared for purposes largely beyond their knowledge or control. Also, the generation of voluminous data about Africa and Africans cannot be disentangled from history, and especially colonial history (Abdulwaheed, 2019). Africans live with the consequences of the plunder of their natural resources that started during the colonial era. When data are described as the new gold or the new oil, worries about exploitation naturally arise. Even the language of data sharing in this context may raise some skepticism: Sharing means that projects in large and ‘externally funded’ data science initiatives such as DS-I Africa may have to work to earn community trust, no matter how well-intentioned and scientifically rigorous their studies are (Maiga et al., 2019).In sub-Saharan Africa (SSA), the public health sector persistently faces numerous and diverse challenges ranging from institutional incapacity, dwindling skilled human resources, data mismanagement, effects of climate change and a prevalence of diseases. The prevalence of infectious and non-communicable diseases places a strain on healthcare systems and exacerbates these challenges, to the extent of threatening global health security (Rumisha et al., 2020). As a result, countries in the region are struggling to achieve universal health care coverage, which is a critical component of achieving the United Nations Sustainable Development Goal (UNSDG) of good health and well-being (UN 2015). To achieve this UNSDG, Sub-Saharan Africa’s (SSA) healthcare systems must be strengthened so that they can detect, plan, and adequately respond to health threats using reliable, accurate, complete, and readily available quality data and information. Strengthening healthcare systems would mean that governments must invest in adequate infrastructure and resources to support healthcare-related services (Talisumaet al., 2020). The investments serve as a step in the right direction for healthcare systems to reduce the burden of non-communicable and infectious diseases.
Notwithstanding, infectious diseases remain the most serious health crisis confronting Sub-Saharan Africa’s (SSA) healthcare systems. Over the last decade, the region has seen devastating outbreaks of highly infectious diseases such as cholera, Lassa fever and yellow fever, as well as Ebola virus disease (EVD) and, more recently, the severe acute respiratory syndrome coronavirus 2 (SARS-CoV-2) (Melialaet al., 2019). Furthermore, Sub-Saharan Africa (SSA) is relatively plagued by a high endemic prevalence of human immunodeficiency virus and acquired immunodeficiency syndrome (HIV and AIDS), tuberculosis, malaria and parasitic diseases compared to the Global North. These infectious disease outbreaks necessitate the development of long-term prevention, monitoring, control, and treatment strategies by Sub-Saharan Africa (SSA) healthcare systems, as well as adequate management of health-related data. Infections can spread quickly and cause high morbidity and mortality rates if infectious disease outbreaks are not detected and reported in a timely manner (Liu et al., 2021). Consequently, it is critical that Sub-Saharan Africa (SSA) healthcare systems implement measures to ensure access to accurate, complete, reliable, relevant, and timely health-related data and information. This should allow healthcare systems through public surveillance systems, to respond to and control infectious disease outbreaks while also preventing outbreak spread. Also, inadequate healthrelated data management in healthcare systems is a constant threat to disease surveillance in Sub-Saharan Africa (SSA) (Liu et al., 2021). The health sector generates and records a large volume and variety of data that can be analyzed to enable adequate infectious disease surveillance. The large volumes and variety of health-related data and information is defined as big data created from paper records and by the adoption of electronic and mobile health technologies that collect patients’ information. Because big data in general is difficult to manage, process and analyze using traditional analytical and statistical techniques, advanced technologies such as artificial intelligence (AI), internet of things (IoT), machine learning and big data analytics tools have become indispensable (Maiga et al., 2019). Big data analytics in healthcare entails analyzing large volumes of real-time or historical health records from various sources to identify patterns and trends that lead to meaningful insights for detection, predictive and prescriptive decision making. During the coronavirus disease 2019 (COVID-19) global pandemic, examples shows that, AI models were used to analyze big data in healthcare such as; patient health history, symptoms, close contacts, and proximity, to detect, warn, and respond promptly (Shi and Li, 2022). Therefore, advanced data analytics, when implemented properly, can be used to create a knowledge foundation that strengthens the healthcare systems in Sub-Saharan Africa (SSA) by enhancing disease management performance and streamlining administrative complexities.
Lastly, agriculture and health monitoring are the main key factors that needs to be functioning excellently in any good society. Countries in Sub-Saharan Africa (SSA) will need to adopt modern mechanized tools to improve agricultural produce exponentially. Also, they will need to adopt digital data systems and AI assistance to improve health care and combat infectious diseases adequately. This review evaluates the big data approaches for Agricultural and Health Systems Monitoring in Sub-Saharan Africa (SSA), as it highlighting key models, methodologies, and future directions in advanced agriculture and health development systems.
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 role does big data approach play in improving agricultural and health system in sub-Sahara Africa (SSA)?
b) How will agriculture 4.0 help to solve the hunger in sub-Sahara Africa (SSA) due to scarcity and poor farm yield?
c) What are the main challenges in implementing modern and advanced technology for agriculture and healthcare system in sub-Sahara Africa (SSA)?
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 focus on Sub-Saharan Africa (SSA) and transferable lessons from high-income settings such as the United States. 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.
2.2 Information Sources
A comprehensive literature search was conducted across the following electronic databases:
· PubMed/MEDLINE
· Scopus
· Web of Science
· IEEE Xplore
· SpringerLink
· Google Scholar
These databases were selected to ensure broad coverage of interdisciplinary research spanning agriculture, health systems, artificial intelligence, data science, and digital technologies.
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.

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).
Reference lists of relevant articles were also screened to identify additional eligible studies.
2.4 Eligibility Criteria
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. Reported findings relevant to Sub-Saharan Africa, or presented approaches from high-income settings with clear relevance or transferability 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.
2.5 Study Selection Process
All identified records were imported into a reference management system, and duplicates were removed. Two reviewers independently screened titles and abstracts against the eligibility criteria. Full-text articles were subsequently assessed for inclusion. Discrepancies between reviewers were resolved through discussion and consensus.
2.6 Data Charting
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.
Data charting was conducted iteratively, with the form refined as familiarity with the literature increased.
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 and health system resilience
No quantitative meta-analysis was performed, as the aim of the scoping review was to map evidence rather than estimate pooled effects.
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, gaps, and future directions in big data-driven agricultural and health systems monitoring in Sub-Saharan Africa.
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 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.
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
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Figure 1: PRISMA-ScR flow diagram illustrating the identification, screening, eligibility assessment, 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
Sub-Saharan Africa (SSA) faces a multitude of intricate and interconnected challenges, such as a significant prevalence of infectious disease outbreaks, ongoing food insecurity, severe socioeconomic conditions, overwhelmed public healthcare systems, and inconsistent infrastructure development (Zhang et al., 2019). The region also has a lot of chances for digital transformation because the population is growing quickly, mobile phone coverage is getting better, and people are becoming more interested in new technologies and data-driven solutions. These differing realities generate both urgency and opportunity for the implementation of Agriculture 4.0 and digitally facilitated health systems monitoring in Sub-Saharan Africa (Abbas et al., 2020). 
The results of this scoping review show that big data-enabled methods in SSA are still mostly in the pilot or early operational stages, with little proof of long-term large-scale use. According to Table 1, most of the studies used a mix of Internet of Things (IoT) sensors, remote sensing technologies, routine administrative records, and digital reporting platforms to keep an eye on health or agricultural systems. Nonetheless, limited studies have documented national-level implementation or longitudinal assessment, underscoring a continual disparity between technological advancement and institutional integration in SSA contexts (Zhai et al., 2020). 
The review shows that many SSA countries still mostly use traditional indicator-based disease surveillance systems in the health sector. These systems rely heavily on data from healthcare facilities. These systems do allow for regular reporting, but they are often limited by late reporting, missing data, and a lack of sensitivity for finding outbreaks early, especially among people who get healthcare through informal or community-based channels (Rose and Chilvers, 2019). Table 2 shows that digital and event-based surveillance platforms, which use artificial intelligence (AI) and data analytics, could improve timeliness and situational awareness. However, their use in SSA is still patchy and inconsistent. 

The review also shows that existing Integrated Disease Surveillance and Response (IDSR) frameworks don't do a good job of bringing together data streams from multiple sources. There were not many studies that talked about advanced analytical methods or systematic triangulation of data from labs, communities, environmental monitoring, and digital signals. This finding corroborates previous evidence suggesting that data quality, data utilization, and analytical capacity have traditionally been inadequately prioritized in disease surveillance systems throughout Sub-Saharan Africa (Fuglie et al., 2020). To make early warning, preparedness, and response to new and old infectious diseases better, these gaps need to be filled. 
In agriculture, Table 1 shows that Agriculture 4.0 technologies like precision agriculture analytics, AI-based image analysis, and IoT-enabled field monitoring can help with better crop health assessment, pest and disease detection, and decision-making on the farm. However, like in the health sector, adoption is still limited by problems with infrastructure, high costs of implementation, lack of technical skills, and problems with governance. Table 2 shows that while reported benefits include better timeliness, spatial coverage, and decision support, problems with sustainability, interoperability, and cost still make it hard to scale up in SSA (Zhai et al., 2020). 

Capacity building is a very important factor in both agriculture and health systems. The studies included all agree that national and sub-national levels need to improve people's ability to manage data, analyze it, and run digital systems. Furthermore, prospects for the integration of community-based digital surveillance and One Health methodologies were recognized as effective strategies for enhancing cross-sectoral monitoring and resilience (Araujo et al., 2021). 

These kinds of strategies could make data more complete, encourage cooperation between sectors, and make it easier to respond to complicated health and environmental risks. 
Overall, this scoping review shows that big data approaches have a lot of potential to improve agricultural productivity and make health systems in SSA more resilient. However, their success depends on how well they are implemented, how well data is governed, how well they are financed, and how well institutions work together. Combining traditional surveillance data with digital, laboratory, community, and environmental data sources in hybrid monitoring models is a practical way to move forward. But to get these benefits, we will need to make planned investments in infrastructure, skill development, and ongoing system evaluation to make sure that new technologies lead to real improvements in public health and food security (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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