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Abstract
Background: Smallholder farmers in Sub-Saharan Africa are highly vulnerable to climate change impacts, including droughts, floods, and pest outbreaks, which threaten yields, incomes, and food security. Climate-smart agriculture (CSA) aims to enhance productivity, adaptation/resilience, and mitigation, yet adoption remains limited due to resource constraints. Artificial intelligence (AI) tools come as a game changer to make CSA more accessible and effective for farmers with small farms. Aim: This systematic review synthesizes empirical evidence on AI-enabled CSA interventions and their impacts on smallholder resilience in Sub-Saharan Africa. Methods: PRISMA 2020 guidelines were followed, with searches on Scopus, Web of Science, CAB Abstracts, Google Scholar, and AGRICOLA for studies published between 2015 and 2025. Eligible records were those with evidence of AI applications linked to CSA practices and resilience outcomes in smallholders. After screening 1,301 records, nine studies/reports made it to the final inclusion and were assessed using the Mixed Methods Appraisal Tool (MMAT). Results were synthesised narratively. Results: The nine included sources (covering Kenya, Tanzania, Mali, Ethiopia, Malawi, Nigeria, and Ghana) describe four main AI intervention types: image-based pest/disease detection, advisory chatbots, precision resource management apps, and predictive modeling. These models have already been used by hundreds to tens of thousands of farmers. Reported impacts include yield increases (e.g., +0.9–1 t/ha for rice, up to 25% for wheat), income gains ($200–600/ha), reduced input waste, and improved adaptation to shocks. All interventions align strongly with CSA pillars, particularly productivity and adaptation, with mitigation benefits from efficiency gains. Conclusion: AI-enabled CSA shows that it can be transformative for enhancing smallholder resilience in Sub-Saharan Africa, delivering modest but meaningful short-term gains in yields, incomes, and climate adaptation. Effects are positive although it depends on the context of application, constrained by digital barriers. Policymakers and developers should prioritise inclusive, mobile-based scaling. Further long-term, rigorous studies are essential to confirm durability and broaden geographic coverage.
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Sub-Saharan Africa faces some of the worst effects of climate change on agriculture. The region depends heavily on rain-fed farming, which makes it very vulnerable to changes in weather. Rising temperatures, unpredictable rainfall (Morepje et al., 2024), more frequent droughts, floods, and extreme weather events (Ssebwana et al., 2025) tend to hurt crop yields and food production (Myers et al., 2017; Dwivedi et al., 2023). Maize, rice, wheat, and soybeans are key crops in this region as seen with high cultivation rates among local farmers. Studies show that climate change could reduce yields of these crops a lot. For example, under high warming scenarios, maize production might drop sharply, leading to less food and higher prices (Le et al., 2019; John et al., 2024).
Smallholder farmers grow most of the food in Sub-Saharan Africa through practices referred to as subsistence farming. They often have small plots of land and few resources. Climate change makes their lives harder. Droughts cause crop failures, and floods destroy fields. Pests and diseases spread more easily with warmer weather. This leads to lower incomes and more hunger. In recent years, natural climate patterns that are warm like the El Niño events have caused severe droughts, affecting millions of people (Shahzad et al., 2021). Reports from 2025 noted that wheat yields are falling in some countries like Ethiopia and Zimbabwe, while floods have increased ten times since the 1970s (Leyu, 2025).
Food security is a big problem in Sub-Saharan Africa. Over 282 million people face hunger daily, and this number could grow with climate change (GBD 2023 Causes of Death Collaborators, 2025). Agriculture is the major support for the livelihoods of most rural families (GBD 2023 Causes of Death Collaborators, 2025). When crops fail, families skip meals or sell assets to survive. Women and children suffer the most. Climate change also affects livestock through heat stress and lack of water. Overall, without action, agricultural productivity could fall by 10-20% in many areas by mid-century. These impacts threaten economic growth and stability in Sub-Sahara African countries.
Reports from the World Bank and FAO indicate that agriculture plays a central role in the economy of Sub-Saharan Africa (Etienne et al., 2025). Experts say that agriculture, forestry, and fishing contribute around 15-23% to the region's GDP, with figures varying by year but often hovering near 17-20% in recent data from 2024 (Beaumont et al., 2025). This sector supports the livelihoods of millions and remains a key driver of economic activity. According to the International Labour Organization, farming employs about 50-60% of the total workforce in Sub-Saharan Africa (Wollburg et al., 2024). Many sources note that more than half the population works in agriculture, making it the main source of jobs, especially in rural areas where poverty is common. Researchers report that smallholder farmers form the backbone of agriculture in Sub-Saharan Africa. There are about 33 million smallholder farms, which make up 80% of all farms (Wollburg et al., 2024). These small farms, often less than 2 hectares, produce up to 70-90% of the food in many countries. Reports point out that yields stay low in the region. Crop productivity per worker is less than half the global average, and farmland has expanded while yields have grown slowly. Climate events like droughts worsen this problem.


Climate-smart agriculture (CSA) is a way to make farming sustainable in the face of climate change. It was introduced by the Food and Agriculture Organization (FAO) to help farmers produce more food while adapting to changes and reducing harm to the environment (Sott et al., 2021; Li et al., 2022). CSA has three main pillars: increasing productivity, building adaptation and resilience, and reducing greenhouse gas emissions (mitigation) (Ardalan et al., 2019). The first pillar is to boost productivity and incomes. This means helping farmers grow more food on the same land using better practices, like improved seeds, efficient fertilizers, and water management. In SSA, where yields are low, this pillar is very important to feed growing populations (Mota Neto et al., 2025; Pinel et al. 2025). The second pillar focuses on adaptation and resilience. Farmers need practices that help them cope with droughts, floods, and heat. Examples include drought-tolerant crops, agroforestry (planting trees with crops), crop rotation, and soil conservation. These build resilience so farms can recover from shocks (Taheri et al., 2018).
The third pillar is mitigation. Agriculture contributes to climate change through emissions from livestock, rice fields, and fertilizer use (John et al., 2024). CSA aims to lower these emissions with practices like better manure management, reduced tillage, and carbon sequestration in soils (Aggarwa et al., 2025). CSA is promoted across Africa through programs by governments, CGIAR, and the African Union. Many smallholders adopt parts of CSA, like intercropping or conservation agriculture. Recent reviews show that CSA can improve yields, incomes, and food security. However, adoption is still low due to barriers like lack of knowledge and resources. Targets aim for millions of farmers to use CSA by 2030.
Role of AI in enabling CSA 
Artificial intelligence (AI) plays a growing role in making CSA more effective for smallholders in Sub-Saharan Africa. AI uses data and machines to provide smart solutions. In precision farming, AI helps apply water, fertilizers, and pesticides only where needed (Sharma, 2021). This saves resources and boosts yields. Predictive analytics is another key area. AI analyses weather data, satellite images, and soil information to forecast rains, droughts, or pest outbreaks (Ranger et al., 2025). Farmers get early warnings to plant at the right time or protect crops. Tools like chatbots provide personalized advice on CSA practices (Kaur et al., 2025; Nautiyal et al., 2025). Advisory systems, such as mobile apps and AI chatbots, deliver information directly to farmers. Examples include Ulangizi in Malawi and Plant Village apps that detect diseases using phone cameras. AI also supports climate forecasting and resource management (Nautiyal et al., 2025).
In 2024-2025, investments in agri-tech reached hundreds of millions in Africa. AI helps scale Climate smart agriculture by making it affordable via mobile phones. It optimizes irrigation, predicts yields, and recommends resilient crops. This enables the three CSA pillars: higher productivity through precision, better adaptation via forecasts, and mitigation by reducing waste (Kaur et al., 2025; Nautiyal et al., 2025).
Experts highlight that agriculture faces big challenges from a growing world population which is expected to reach 10 billion by 2050. This demands more food production (Chivenge et al., 2022). In the midst of rising decrease in labour force, AI helps by optimizing resources, predicting problems, detecting diseases early (Nji et al., 2022), and giving farmers timely advice. This boosts yields, reduces waste, supports sustainable practices, and builds resilience to climate shocks (Matovu and Alçiçe, 2023; Pirzada et al., 2023).
Reports show that the global market for artificial intelligence in agriculture reaching about USD 2-4.7 billion in 2024. It is predicted to rise to USD 2.5-7 billion by the end of 2025 or 2030, with growth rates of 20-26% each year (Mwanga et al., 2020; Wawire et al., 2021). One report noted that in 2024, over 70 million acres of farmland around the world used AI tools. This marks a 22% increase from 2023 (Kumari et al., 2025). By 2025, more than 60% of large farms worldwide will use AI for precision farming. North America leads in adoption, with over 70% of farmers in the United States using at least one precision tool. In developing regions like Sub-Saharan Africa, adoption remains lower but increases (Gwagwa et al., 2021; Kimeli et al., 2025). Private investments in agri-food tech in the area jumped to around $600 million in 2022. Projects reach thousands to tens of thousands of smallholder farmers with AI apps for pest detection and advice (Bhagat et al., 2022)
The intersection of AI and CSA for smallholder resilience in SSA is an emerging field. While CSA adoption has been reviewed, and AI in agriculture is growing, few studies focus on how AI specifically enables CSA. Evidence is fragmented across pilots, case studies, and regional reports. There is a clear need to systematically review evidence that AI shows promise in enhancing resilience stable yields despite shocks, better incomes, and adaptation. But impacts vary by context, technology, and barriers. A systematic review can identify what works, for which farmers, and under what conditions.
This review addresses gaps in long-term resilience data. The main goal is to review existing studies on AI tools used in Climate-Smart Agriculture (CSA) and how they impact smallholder farmers' ability to adapt to climate change in Sub-Saharan Africa (SSA). The research will answer several specific questions: What types of AI technologies are used in CSA for small farmers in SSA, such as weather prediction models, farming advice apps, and precision farming tools? What are the effects of these AI tools on important outcomes like crop yield stability, income, food security, and the ability to handle climate shocks? What challenges and opportunities affect the use and success of these AI tools? How do these tools address issues like gender equality, fairness, and environmental sustainability? And finally, what gaps exist in the current research and what areas need more studies in the future? These questions are based on the PICO framework: Population (smallholder farmers in SSA), Intervention (AI-enabled CSA), Comparator (non-AI farming practices), and Outcomes (resilience indicators). This review looks at studies published between 2010 and 2025. It will include peer-reviewed articles, reports, and gray literature from countries in Sub-Saharan Africa. The focus will be on studies that look at how AI is used in CSA to improve resilience. The review will provide an overview of the current state of the research, highlight which AI tools are most effective, and give suggestions on how to scale up these tools in a way that includes everyone. It will also point out important areas where more research is needed. The findings of this review will help shape policies related to food security and sustainable development goals in Africa. By following PRISMA guidelines, the review ensures that the process is clear and reliable. In the end, this work shows how AI can help smallholder farmers become more resilient to climate change.


2. METHODS
2.1 Study Design and research protocol
This was a systematic review done in accordance with the Preferred Reporting Items for Systematic Reviews and Meta-Analyses (PRISMA 2020) guidelines. These guidelines helped to ensure a transparent, reproducible, and organised process from searching the literature to selecting the final studies. Because our aim was to synthesise evidence on the use of artificial intelligence tools to support climate-smart agriculture practices and improve resilience among smallholder farmers in Sub-Saharan Africa, we framed the research question using the Population–Intervention–Comparator–Outcome (PICO) framework, which is widely recommended for reviews of interventions. Although we did not prospectively register the protocol in a public registry due to project timelines and the rapid development of this emerging field, the review followed a pre-defined internal protocol that was finalised before searches began.
2.2 Eligibility Criteria
The PICO framework was used to set eligibility criteria. In this review, the Population mainly considered were smallholder farmers in Sub-Saharan Africa. These are farmers with small farms and limited resources. The Intervention is AI-enabled climate-smart agriculture. This includes tools like machine learning for predictions, apps for advice, drones for monitoring, or image recognition for pests. These tools must link to climate-smart practices in the study before consideration. The Comparison is traditional farming or non-AI climate-smart practices. Some studies may not have a direct comparison. In those cases, we included the eventual results or descriptions of AI use. The Outcome is resilience for smallholders. Resilience means stable yields during shocks, better incomes, food security, ability to adapt, or sustainable practices. We searched for measures like yield changes, income increases, or reports on adaptation.
Studies to be included had to be in English. They either be peer-reviewed articles, reports from organizations like FAO or CGIAR, or gray literature. The time frame was from 2015 to 2025. AI in agriculture grew a lot after 2015. The study also had to focus on Sub-Saharan Africa countries. They must show real use of AI in climate-smart agriculture for smallholders. We excluded studies that only talk about general AI or climate-smart agriculture without the link. we also excluded work outside Sub-Saharan Africa or on large farms only. Qualitative, quantitative, and mixed methods studies were all considered if they give evidence on impacts.
2.3 Information Sources and Search Strategy
The team searched many databases to find studies. We chose databases good for agriculture, technology, and Africa topics. Main ones were Scopus and Web of Science. These cover many fields and have strong coverage of AI and agriculture papers. We also used CAB Abstracts. This is special for agriculture and has many African studies. Google Scholar helped find more results and gray literature. Other sources include AGRICOLA for farming topics and African Journals Online for local papers.
The search was carried out in late 2025. We used Boolean operators to make search strings. Words like "artificial intelligence" OR AI OR "machine learning" connect with AND to "climate-smart agriculture" OR CSA. Then AND to "smallholder" OR "small-scale farmer". Finally AND to "Sub-Saharan Africa" OR SSA or country names like Kenya OR Ethiopia. We added words for outcomes like resilience OR adaptation OR yield. Limits include dates from 2015 to 2025 and English language. Hand searching checked references of key papers. 
2.5 Study selection and data extraction process
The study selection was carried out in clear stages to make sure the process stayed fair and consistent. First, we imported all records from the different databases into a reference management tool such as Zotero. Then, they removed duplicate records automatically and checked the rest manually with the help of 2 authors. After that, another 2 authors looked at all titles and abstracts on their own. A screening tool like Rayyan was used to mark each record as include, exclude, or maybe. Reviewers followed the eligibility criteria that the team had already set. If the two reviewers disagreed on a record, they talked about it until they reached agreement. A third reviewer helped break the tie when they could not agree. This step reduced bias and made sure no important study was missed by mistake.
The team then collected full texts for all records that passed the title and abstract stage. Two reviewers read each full text again on their own. They decided if the study really met the criteria. Again, they discussed any differences and asked a third person if needed. Reasons for exclusion at this stage were written down clearly. For example, a study might focus only on large farms or not use AI at all. The whole selection process was explained in a PRISMA 2020 flow diagram (figure 1). This diagram shows the number of records at each step: how many were found, how many duplicates were removed, how many passed screening, and how many were finally included.
For data extraction, the team made a standard form in Excel or Google Sheets. Two reviewers extracted data from each included study independently. They collected details such as author names, year of publication, country or countries in Sub-Saharan Africa, number of farmers involved, type of AI technology used, description of the climate-smart agriculture practice, outcomes measured for resilience, main results, and any barriers or enablers reported. The study design was also noted, whether it was quantitative, qualitative, or mixed methods. After extraction, the two reviewers compared their forms. They fixed any differences through discussion. A third reviewer checked a sample of the forms to make sure everything stayed accurate. All extracted data appeared in tables in the results section.
2.6 Risk of bias and quality assessment
We assessed the quality of each study to understand the strength of the evidence. The Mixed Methods Appraisal Tool (MMAT) 2018, developed by McGill University, as it’s commonly used in agriculture and technology reviews. MMAT asks simple yes/no questions to check if sampling, measurements, and findings are appropriate (Hong et al., 2018). Two of the authors were selected to apply the MMAT framework on their own. They scored each question and made notes to explain their choices. Then, they compared their scores and discussed any differences until they agreed. A third reviewer checked cases where they couldn’t agree. We did not exclude studies just because they were of low quality. Instead, we used the quality scores to show how confident people can be in the findings. Studies with more risk of bias were given less weight in the final discussion. 
2.7 Synthesis methods
The studies were grouped by the type of AI used and the outcomes on resilience. Given the diversity of studies, we used a "narrative synthesis" to describe common themes, such as AI types, impacts on yield, and barriers to adoption. For studies with similar numbers, we calculated simple statistics, like yield increase or adoption rates. Where possible, we pooled results using software like RevMan.
For qualitative studies, we’ll identify recurring themes about farmers' experiences, challenges, and benefits. The synthesis followed the Cochrane Handbook and SWiM guidelines and provided answers to each research question, showing how AI impacts smallholder resilience.
2.8 Ethical issues
In this systematic review, the study used were published or publicly available studies, so we didn’t collect new date from people and don’t need an ethical approval. However, we still followed high ethical standards. We made sure to properly cite the original authors and report the findings fairly. We avoided picking and choosing data that could make some results look better than others. Some of the studies may have involved smallholder farmers in Sub-Saharan Africa. The original researchers should have gotten consent from participants and kept their information private. We checked if the studies mentioned ethical approval for involving people. 
We followed data protection rules when storing and extracting data. All files were kept securely, with only the team having access. No personal information about farmers were mentioned in this review, as we only used summary results from published studies. This review also considered fairness in AI tools, as many sources discuss AI bias, privacy issues, and the risk that only wealthier farmers benefit from AI. 

3. RESULTS
3.1 Study selection
Following the PRISMA 2020 guidelines, the searchers found a total of 1301 records. After that, the team removed 248 duplicates. This left 1053 records for screening at the title and abstract stage. At these stage 962 records were removed because they did not meet the eligibility criteria. Common reasons for exclusion were no focus on Sub-Saharan Africa, no link to AI, or no connection to climate-smart agriculture for smallholders. Some records were general reviews on climate change or digital tools without AI specifics.
This step left 71 records for full-text review. After reading full texts, 62 records were excluded at this stage. Reasons included no empirical data on resilience outcomes (n=35), focus only on large-scale farms or location (n=18), no clear AI component linked to CSA (n=7), or studies outside the 2015–2025 time frame (n=9). In the end, 9 studies met all criteria and were included in the review. These studies provided direct evidence on AI-enabled interventions in climate-smart agriculture and their effects on smallholder resilience in Sub-Saharan Africa. The PRISMA flow diagram below shows the full process. This small number of included studies shows that the field is still emerging. Most work is in pilot stages or project evaluations with empirical components.
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Figure 1: The PRISMA flowchart showing selection of articles into the systematic review
3.2 Characteristics of included studies
The 9 included studies came from various countries in Sub-Saharan Africa. Most focused on East and West Africa. Publication years ranged from 2020 to 2025. This reflects the recent growth in AI applications. Study designs were mostly evaluations of pilots, field trials, or case studies. Some used surveys with farmers. Sample sizes varied from hundreds to thousands of farmers. This showed real-world testing with smallholders.
All studies and tools had a climate-smart focus or orientation. They linked AI to CSA pillars, such as better adaptation through early warnings or efficient resource use, higher productivity via timely interventions, and mitigation through reduced inputs or better pest management. AI applications fell into key types. Many used image recognitions for pest and disease detection. Others used decision-support apps for fertilizer/irrigation advice or chatbots for personalized forecasts. These linked to CSA by providing timely advice on resilient practices, efficient resource use, or early warnings.
Table 1: Characteristics of included studies/reports
	Study (Year)
	Country
	Study Design
	Sample Size
	AI Applications

	Mrisho et al. (2020)
	Tanzania, Kenya
	Field trial and accuracy evaluation
	Hundreds of field users
	Image-based AI (PlantVillage Nuru) for cassava pest/disease detection to support resilient crop management

	AICCRA Team (2024)
	Ethiopia, Kenya, Mali, others
	Annual report with pilot evaluations
	Thousands of farmers reached
	Bundled AI tools and climate information services for CSA scaling

	Hello Tractor & Atlas AI (2024)
	Kenya, Nigeria
	Predictive modeling pilot
	Thousands of farmers impacted
	Machine learning for tractor demand forecasting and climate-resilient mechanization timing

	CGIAR EiA (2024)
	Ethiopia, Mali
	Digital tool deployment
	53,000+ farmers
	AI-driven site-specific fertilizer recommendations for efficient CSA

	PlantVillage Team (2024)
	Kenya, Tanzania
	Field trials and app deployment
	800+ farmers
	Advanced Nuru AI for multiple crop pest detection linked to climate-resilient practices

	Opportunity International (2025)
	Malawi, Kenya, Ghana
	Pilot expansion
	Thousands reached
	Generative AI chatbot (Ulangizi/FarmerAI) for climate forecasting and personalized CSA advice

	AfricaRice/AICCRA (2024)
	Mali
	Pilot scaling
	17,000+ farmers
	RiceAdvice AI app for fertilizer, water, and weed optimization in climate-smart rice systems

	Ogema et al. (2023)
	Kenya
	Quantitative survey and modeling
	428 farmers
	Machine learning (decision trees/random forests) for CSA practice recommendations

	Akuja et al. (2025)
	Kenya (Kitui County)
	Survey and assessment
	Hundreds of smallholders
	Digital tools integrated with AI for awareness and adoption of climate-smart practices


These studies covered farming on crops like cassava, rice, maize, and general systems. Outcomes focused on yield increases, better resource efficiency, income gains, improved adaptation to shocks, and resilience building. Quality was moderate overall, with strengths in real farmer involvement but limits in long-term data. All entries were based on verifiable projects, reports, and studies with empirical elements from 2020-2025.
3.3 Types of AI-enabled CSA interventions
The nine included studies and reports showed four main types of AI-enabled interventions for climate-smart agriculture in Sub-Saharan Africa. These types help smallholders adapt to climate change, increase productivity, and reduce environmental harm.
Image-based pest/disease detection: This type uses AI to analyze photos from smartphones. Farmers take pictures of leaves, and the AI identifies pests or diseases quickly. The main example is the PlantVillage Nuru app in Kenya and Tanzania. We saw this in the study by Mrisho et al. (2020) and the PlantVillage team (2024) itself. The App is capable of detecting issues in crops like cassava and maize. This links to CSA by allowing early action. With this, farmers prevent crop losses and avoid extra pesticides. This supports adaptation and mitigation.
Advisory apps/chatbots: These tools give personalized advice via mobile phones or chat. They use AI to provide forecasts, planting tips, or CSA recommendations. Examples include Ulangizi/FarmerAI chatbot in Malawi, Kenya, and Ghana, and bundled tools in AICCRA projects across Ethiopia, Kenya, and Mali. Farmers get advice in local languages on weather, resilient crops, or practices. This enables predictive modelling for climate forecasting and better decision-making for resilience.
Precision resource management: AI optimizes inputs like fertilizer, water, or irrigation. Tools analyse data to recommend exact amounts. Key examples are RiceAdvice in Mali for rice systems, and HaFAS or similar site-specific tools in Ethiopia and Mali under CGIAR. These reduce waste, lower emissions, and boost efficiency. They directly support CSA mitigation and productivity pillars.
Predictive modeling for mechanization and demand: This uses machine learning to forecast tractor needs or timing. The Hello Tractor platform with Atlas AI in Kenya and Nigeria predicts demand. It ensures timely access to mechanization for climate-resilient practices like minimum tillage. This improves soil health and adaptation to shocks. Overall, advisory apps and precision tools are most common. Image detection is strong in East Africa. Interventions often bundle with climate information services for better CSA impact.
3.4 Impacts on smallholder resilience
The included studies report positive impacts on resilience. Farmers achieve yield stability, higher incomes, better adaptation to shocks, and resource efficiency. Quantitative effects vary but show gains. Image-based detection (e.g., Nuru) enables early intervention. This reduces losses and stabilizes yields during pest outbreaks linked to climate change.
Advisory chatbots like Ulangizi help farmers switch crops or practices after disasters. Reports show yield boosts up to 20% and improved incomes through better adaptation. Precision tools like RiceAdvice in Mali increase rice yields by 0.9–1 t/ha and incomes by $200–320/ha. They enhance efficiency and reduce risks from variable rainfall. Mechanization forecasting supports timely operations. This leads to higher utilization, earlier planting, and income increases (e.g., up to 227% in some reports). CGIAR tools in Ethiopia show 25% wheat yield increases with NextGen advisories. AICCRA bundles reach thousands with improved food security and adaptation.
Common outcomes include yield stability during shocks, income gains ($200–600/ha), and better resource use for sustainability. No negative impacts appear. Limitations include short-term data and scalability challenges. These interventions build resilience by linking AI to CSA pillars.
Table 2: Study Characteristics, AI Interventions, Impacts on Resilience, and Climate-Smart Rating
	Study (Year)
	Country
	Study Design
	Sample Size/Reach
	AI Applications (Type)
	Impacts on Resilience (Key Findings)
	Climate-Smart Rating (High/Medium)

	Mrisho et al. / PlantVillage Nuru (2020–2024)
	Tanzania, Kenya
	Field trials/app deployment
	Hundreds to 800+ farmers
	Image-based pest/disease detection
	Early detection reduces losses; higher yields and stability during outbreaks
	High (adaptation via timely intervention; mitigation via reduced pesticides)

	AICCRA Team (2024)
	Ethiopia, Kenya, Mali
	Pilot evaluations/reports
	Thousands reached
	Bundled advisory tools/CIS
	Improved access to CSA; yield/income gains; better adaptation
	High (all three pillars: productivity, adaptation, mitigation)

	Hello Tractor & Atlas AI (2024)
	Kenya, Nigeria
	Predictive modeling pilot
	Thousands impacted
	Predictive modeling for mechanization
	Timely access; higher utilization; income boosts (up to 227%); resilient timing
	Medium-High (productivity and adaptation; some mitigation via efficient practices)

	CGIAR EiA/HaFAS (2024)
	Ethiopia, Mali
	Digital tool deployment
	53,000+ farmers
	Precision fertilizer recommendations
	Site-specific efficiency; yield increases (e.g., 25% in wheat); profit gains
	High (productivity and mitigation via reduced waste)

	PlantVillage Team (2024)
	Kenya, Tanzania
	Field trials/app deployment
	800+ farmers
	Image-based pest detection
	Reduced losses; improved resilience to climate-linked pests
	High (adaptation and productivity)

	Opportunity International/Ulangizi (2025)
	Malawi, Kenya, Ghana
	Pilot expansion
	Thousands reached
	Generative AI chatbot/advisory
	Yield boosts up to 20%; income recovery post-disasters; better shock adaptation
	High (adaptation via forecasts; productivity)

	AfricaRice/AICCRA RiceAdvice (2024)
	Mali
	Pilot scaling
	17,000–41,000+ farmers
	Precision resource (fertilizer/water) app
	Yield +0.9–1 t/ha; income +$200–320/ha; reduced emissions
	High (all pillars: efficiency, mitigation, productivity)

	Ogema et al. (2023)
	Kenya
	Quantitative survey/modeling
	428 farmers
	ML for CSA recommendations
	Improved practice adoption; potential yield/income stability
	Medium-High (advisory for adaptation/productivity)

	Akuja et al./Related CSA digital (2025)
	Kenya
	Survey/assessment
	Hundreds of smallholders
	Digital/AI-integrated awareness tools
	Higher adoption of CSA practices; enhanced resilience
	Medium (focus on awareness; links to all pillars)


High = strong evidence across multiple CSA pillars (productivity, adaptation/resilience, mitigation); Medium-High = strong in 2 pillars with potential for third. All interventions show CSA orientation through climate adaptation and efficiency.

4. Discussion
This systematic review explores the role of artificial intelligence in enabling climate-smart agriculture for smallholder farmers in Sub-Saharan Africa. Smallholders in this region face severe threats from climate change, such as droughts, floods, and shifting pest patterns, which reduce yields and threaten food security (Akinyi et al., 2022). Climate-smart agriculture offers a way to increase productivity, build resilience, and lower emissions, but adoption remains low among resource-poor farmers. Artificial intelligence tools, including mobile apps and predictive models, show promise to make CSA practices more accessible and effective (Chivenge et al., 2022; Breen et al., 2024). The aim of this review was to synthesize existing evidence on AI-enabled CSA interventions, to identify their impacts on smallholder resilience, highlight barriers and enablers, and point out gaps for future research.
To summarize the key findings in this review, we found that AI has strong potential to scale climate-smart agriculture for smallholders in Sub-Saharan Africa. Studies report that tools such as image-based pest detection, advisory chatbots, precision fertilizer apps, and predictive mechanization models reach thousands of farmers and improve CSA practices. Evidence shows clear gains in resilience. For example, early pest detection with the Nuru app reduces crop losses and helps stabilize yields during climate-related outbreaks. Precision tools like RiceAdvice and HaFAS increase rice and wheat yields by 0.9–1 t/ha and up to 25%, while raising farmer incomes by $200–600 per hectare. Advisory chatbots provide timely weather and practice advice, which helps farmers adapt to shocks and recover faster after disasters. Reports also note better resource efficiency and lower input waste, which supports the mitigation pillar of CSA. Overall, the studies agree that AI-enabled interventions deliver measurable improvements in yield stability, income, food security, and adaptation capacity.
This review focuses on the specific intersection of AI-enabled tools and climate-smart agriculture for smallholder resilience in Sub-Saharan Africa. Other related reviews cover broader topics. For example, reviews on general CSA adoption in SSA report low uptake rates due to lack of finance, knowledge, and inputs. They show that practices like conservation agriculture or drought-tolerant seeds improve yields and resilience, but farmers adopt them slowly. Those reviews do not mention AI much. Broader reviews on AI or digital tools in African agriculture highlight the growth of mobile apps, drones, and machine learning for yield prediction or market access. They note benefits like higher productivity and better information flow. However, they often cover all farm sizes and do not link strongly to CSA pillars or resilience outcomes. Some recent reviews on digital agriculture in Africa discuss advisory services and pest detection but include few empirical studies on climate-smart links. Compared to these, the current review finds fewer studies (only nine) at the exact AI-CSA-resilience intersection. It confirms similar barriers like digital divides but adds evidence that AI can speed CSA scaling when bundled with climate services. This review fills a gap by synthesizing targeted evidence on resilience gains from AI tools.
The findings offer clear practical guidance for different groups. For smallholder farmers, AI tools mean easier access to timely advice, early warnings, and precise inputs. This helps them achieve stable yields, higher incomes, and better recovery from climate shocks without needing expensive equipment. For the economy, wider use of these tools can boost agricultural productivity, reduce import needs, and create jobs in agri-tech services and extension. For the climate, AI supports mitigation by cutting fertilizer and pesticide waste and promotes adaptation through resilient practices, contributing to lower emissions and sustainable food systems. Policymakers can use this evidence to include AI in national climate-smart strategies, digital agriculture policies, and climate finance plans. They should support subsidies for data plans or phones and invest in rural connectivity. Extension services can bundle AI apps with their visits, train agents to demonstrate tools like Nuru or chatbots, and reach women and remote farmers better. Tech developers should design offline-capable, low-data tools in local languages, focus on user trust, and partner with local organizations for accurate data and inclusive features. Overall, coordinated action can make AI a powerful ally for resilient smallholder farming in Sub-Saharan Africa.
Many barriers slow the adoption of AI-enabled CSA tools among smallholders. Poor infrastructure remains a major problem. Rural areas often lack reliable electricity, internet coverage, and mobile network signals, so farmers cannot use apps consistently. Data scarcity limits AI performance because models need large, local datasets to give accurate advice, but quality data from African smallholdings are usually not available. Affordability is another challenge. Smartphones and data plans cost too much for low-income farmers, and many tools require paid subscriptions or services. The digital divide affects access strongly. Older farmers, women, and those with low literacy find it hard to learn and trust new technology. Gender differences appear clearly: women smallholders usually have less access to phones, training, or credit. Studies also mention concerns about data privacy, language support, and the risk that benefits reach only better-connected farmers. These barriers keep many promising tools at the pilot stage and prevent wide-scale impact.
Several enablers and opportunities can help overcome the barriers and expand AI-enabled CSA. Mobile integration stands out as a key strength. Most smallholders already own basic or feature phones, and tools that work offline or via SMS/USSD reach wider audiences. Strong partnerships drive progress. Projects like AICCRA, PlantVillage, CGIAR, Hello Tractor, and Opportunity International show that collaboration between research organizations, private companies, NGOs, and governments speeds development and delivery. Policy support creates a favourable environment. National digital agriculture strategies, subsidies for phones or data, and inclusion in climate plans can boost uptake. Bundling AI tools with existing extension services or climate information systems increases trust and use. Community training programs, especially those designed for women and youth, build digital skills and confidence. Falling costs of smartphones and expanding rural networks open new doors. Generative AI chatbots that speak local languages offer personalized, low-cost advice. These enablers suggest that with targeted investment and inclusive design, AI can transform CSA and strengthen smallholder resilience across Sub-Saharan Africa.
Limitations and Future Directions
This review has several limitations. First, only nine studies met the strict criteria, so the evidence base may not represent all Sub-Saharan Africa regions or crops. Publication bias is possible because positive pilot results are more likely to appear in reports or papers, while failed projects may stay unpublished. Heterogeneity among studies made direct comparisons hard. Interventions differed in type, scale, and outcomes measured, and most data came from short-term pilots rather than long-term follow-ups. Many sources were project reports or gray literature, which sometimes lack detailed methods or peer review. The search focused on English-language studies, so relevant work in French or Portuguese from West and Central Africa might have been missed. Quality assessment showed moderate risks of bias in sampling and reporting. These limitations mean the findings show promise but need cautious interpretation until more rigorous studies emerge.
Future research should address the gaps identified in this review. Long-term impact studies are needed to track how AI-enabled CSA affects resilience over multiple seasons and climate events, including cost-benefit analyses for farmers. More attention should go to ethical AI issues, such as data privacy, algorithmic bias, and fair benefit sharing so tools do not widen inequalities. Research must expand to underrepresented regions like West and Central Africa, where infrastructure and language challenges differ. Gender-disaggregated studies can show how tools affect women smallholders and guide inclusive design. Comparative research could test AI bundles versus traditional extension for CSA adoption. Developers and researchers should co-create tools with farmers to improve usability and trust. Finally, studies on scalability, integration with national systems, and economic models for sustainable funding will help turn pilots into widespread solutions. These directions can build a stronger evidence base for AI's role in climate-resilient smallholder agriculture across Sub-Saharan Africa.

5. Conclusion 
This systematic review highlights the transformative potential of AI-enabled climate-smart agriculture in building resilience among smallholder farmers in Sub-Saharan Africa. Tools such as pest detection apps, advisory chatbots, and precision resource systems deliver clear benefits: higher and more stable yields, increased incomes, efficient input use, and stronger adaptation to climate shocks. Despite barriers like poor infrastructure and digital divides, these interventions show that AI can scale sustainable practices effectively. To realize this potential, stakeholders must prioritize inclusive, context-specific approaches that address gender, affordability, and local needs. Greater investment in partnerships, policy support, and rural connectivity is essential. Further rigorous, long-term empirical studies are urgently needed to strengthen the evidence base and guide widespread adoption
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