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The Application of Artificial Intelligence in Transforming Agriculture in Ghana: A Systematic Review of Empirical Evidence, Impacts, and Scaling Constraints. 
Abstract
Background: Artificial intelligence (AI) is increasingly promoted as a transformative tool for addressing persistent challenges in agricultural productivity, climate resilience, and market efficiency, particularly in smallholder-dominated systems such as Ghana. However, empirical evidence on its effectiveness and scalability remains fragmented.
Methods: This study conducted a PRISMA 2020–compliant systematic review of peer-reviewed and grey literature published between 2015 and 2025. Searches across five major databases yielded 78 eligible studies, which were synthesized using a narrative quantitative approach to assess AI application types, reported impacts, and adoption constraints in Ghanaian agriculture.
Results: The review identified 11 empirically evaluated AI pilot initiatives spanning precision agriculture, climate and weather forecasting, pest and disease diagnostics, market linkages, and financial services. Reported outcomes include crop yield increases ranging from 10% to 92%, farmer income gains of 10–15%, reductions in post-harvest losses of 25–30%, and input efficiency improvements of up to 25%. AI-enabled climate advisory tools improved harvest outcomes for approximately 84% of participating farmers, while digital financial platforms increased formal financial inclusion by about 15%.
Conclusion: AI applications in Ghanaian agriculture demonstrate strong technical potential but remain largely constrained to pilot scale due to infrastructural, data, institutional, and capacity limitations. Scaling their impact will require coordinated policy frameworks, investments in rural digital infrastructure and data ecosystems, and targeted capacity-building initiatives to support inclusive and sustainable adoption.
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1. Introduction
1.1 Role of Agriculture in Ghana’s Economy
Agriculture remains a foundational pillar of Ghana’s economy, contributing approximately 17–20% of national GDP and employing 30–40% of the workforce, with over 70% of agricultural producers classified as smallholder farmers operating on less than two hectares[1]. Beyond its macroeconomic contribution, the sector plays a critical role in rural livelihoods, food security, and poverty reduction.
Despite its importance, Ghanaian agriculture is characterized by persistent structural challenges. Productivity levels remain low relative to global benchmarks, driven by limited access to modern inputs, inefficient resource use, and weak extension systems [2,3]. Climate change further exacerbates these challenges, with increasing rainfall variability, rising temperatures, and pest pressures undermining yield stability in key staple and export crops such as maize, cassava, and cocoa[4,5]. Market inefficiencies, post-harvest losses, and constrained access to finance continue to reduce farm-level profitability and discourage investment, particularly among smallholders[6].
Collectively, these constraints highlight the need for innovative, scalable solutions capable of improving productivity, resilience, and market integration within Ghana’s predominantly smallholder-based agricultural system.
1.2 Artificial Intelligence in Global and African Agriculture
Artificial intelligence (AI) has emerged globally as a transformative force in agriculture, enabling data-driven decision-making across production, logistics, and value-chain coordination. Empirical studies from diverse agricultural systems demonstrate that AI applications—including machine learning-based yield prediction, precision input management, computer-vision pest diagnostics, and predictive weather analytics—can increase yields by 10–30%, reduce input inefficiencies, and enhance environmental sustainability[7–9].
In the African context, AI is increasingly framed as a leapfrogging technology capable of compensating for gaps in conventional extension services and infrastructure[10,11]. AI-enabled mobile platforms, satellite-based analytics, and low-cost diagnostic tools have been piloted across multiple countries, offering tailored advisory services to smallholders at scale [12]. However, Africa-focused studies also emphasize that the effectiveness of AI solutions is highly contingent on enabling conditions, including digital connectivity, data availability, institutional support, and farmer digital literacy[9].
While conceptual and regional analyses highlight substantial promise, they also caution that without targeted policy frameworks and localized data ecosystems, AI adoption risks reinforcing existing inequalities rather than delivering inclusive agricultural transformation. 
1.3 Research Gap
Despite growing global and continental literature on AI in agriculture, evidence specific to Ghana remains fragmented, uneven, and largely pilot-based. Existing studies typically focus on individual platforms or technologies such as weather advisory services, pest diagnostics, or digital marketplaces without synthesizing outcomes across applications or assessing their comparative advantages over traditional agricultural extension systems[13]. 
Moreover, while some studies report impressive localized outcomes, including yield gains and income improvements, there is a lack of aggregated quantitative synthesis that consolidates these findings into coherent empirical patterns. Equally absent is a systematic assessment of the structural constraintsinfrastructural, socio-economic, and technological that limit the scalability of AI innovations beyond isolated pilots[14]
As a result, policymakers and development partners lack a consolidated evidence base to evaluate whether AI in Ghanaian agriculture is primarily constrained by technical feasibility or by institutional and systemic barriers.
1.4 Objectives and Research Questions
To address these gaps, this study undertakes a systematic comprehensive review of AI applications in Ghanaian agriculture, synthesizing empirical evidence from peer-reviewed and grey literature published between 2015 and 2025.
The review is guided by four interrelated research questions:
1. What types of artificial intelligence applications have been deployed within Ghanaian agricultural systems?
2. What empirical evidence exists regarding their impacts on agricultural productivity, efficiency, climate resilience, and farmer livelihoods?
3. What structural barriers constrain the large-scale adoption of AI in Ghanaian agriculture?
4. What policy pathways and institutional interventions are required to enable scalable and inclusive AI integration?
By integrating quantitative outcome synthesis, a structured barrier taxonomy, and policy-oriented interpretation, this review aims to provide a robust evidence base to inform research, policy design, and investment decisions related to AI-driven agricultural transformation in Ghana.
This manuscript is important to the scientific community because it consolidates fragmented empirical evidence on artificial intelligence applications in agriculture into a coherent, policy-relevant synthesis focused on a smallholder-dominated context. By systematically quantifying impacts, adoption barriers, and scalability constraints, the study advances understanding beyond isolated pilot results toward system-level insights. The findings provide a rigorous evidence base for researchers, policymakers, and practitioners seeking to design, evaluate, and scale AI-driven agricultural interventions. As AI adoption accelerates globally, this work contributes timely guidance on how technological innovation can be aligned with institutional and socio-economic realities.

2. Materials and Methods
2.1 Review Design
This study employed a systematic comprehensive review design, conducted in accordance with the Preferred Reporting Items for Systematic Reviews and Meta-Analyses (PRISMA) 2020 guidelines. The PRISMA framework was adopted to ensure methodological transparency, reproducibility, and rigor in the identification, screening, and synthesis of relevant literature.
A systematic review approach was selected due to the fragmented and multidisciplinary nature of research on artificial intelligence (AI) in Ghanaian agriculture. Existing evidence spans agronomy, computer science, development economics, and policy domains, necessitating an integrative method capable of synthesizing heterogeneous empirical findings into coherent conclusions.
2.2 Literature Search Strategy
A comprehensive literature search was conducted across five major academic databases: Scopus, Web of Science, PubMed, IEEE Xplore, and Google Scholar. These databases were selected to capture interdisciplinary research covering agricultural science, artificial intelligence, engineering, and development studies.
The search covered publications from January 2015 to June 2025, reflecting the period during which AI applications in agriculture expanded significantly following advances in machine learning and the adoption of the Sustainable Development Goals.
Search strings combined AI-related terms with agricultural and geographic descriptors using Boolean operators, including:
(“artificial intelligence” OR “machine learning” OR “deep learning” OR “neural networks”)
AND (“agriculture” OR “farming” OR “crop”)
AND (“Ghana” OR “West Africa”)
AND (“precision” OR “pest” OR “disease” OR “yield” OR “adoption”)
To complement peer-reviewed literature, grey literature was systematically searched, including reports from the Food and Agriculture Organization (FAO), Ghana’s Ministry of Food and Agriculture (MoFA), the World Bank, the GSM Association (GSMA), and the International Food Policy Research Institute (IFPRI). This step was essential for capturing rigorously documented pilot studies and policy evaluations often absent from academic journals.
2.3 Inclusion and Exclusion Criteria
Studies were included in the review if they met the following criteria:
1. Empirical or analytical focus on artificial intelligence applications in agriculture;
2. Geographic relevance to Ghana or the West African sub-region, with explicit applicability to Ghanaian agricultural systems;
3. Publication in English;
4. Publication between 2015 and 2025.
Studies were excluded if they were:
· Purely conceptual or speculative with no empirical grounding;
· Focused on digital technologies unrelated to AI;
· Based on pre-2015 data;
· Duplicates or inaccessible full texts.
These criteria ensured that the review focused on evidence-based assessments of AI impacts and adoption dynamics relevant to Ghana.
2.4 Study Selection Process
The study selection process followed PRISMA 2020 procedures and is summarized in a PRISMA flow diagram (Figure 1).
The initial database search yielded 1,245 records. After removing 312 duplicates, 933 records were screened based on titles and abstracts. Of these, 821 records were excluded for lack of relevance to AI in agriculture or the Ghanaian context.
Full-text screening was conducted for 112 articles, resulting in 78 studies that met all inclusion criteria and were retained for final synthesis. The final corpus comprised peer-reviewed journal articles, institutional reports, and rigorously documented pilot evaluations.
2.5 Data Extraction
Data extraction was conducted using a structured spreadsheet to ensure consistency and traceability. The following variables were extracted from each study:
· Publication details (authors, year, source);
· AI application type (e.g., precision agriculture, weather forecasting, pest diagnostics);
· Study design and context;
· Reported outcomes, including:
· Yield changes,
· Income effects,
· Post-harvest loss reductions,
· Adoption or usage rates;
· Identified barriers and enabling factors, including infrastructural, socio-economic, and technological constraints.
Qualitative coding and thematic organization of extracted data were supported using NVivo software to identify recurring patterns across studies.
2.6 Quality Assessment
The methodological quality of included studies was assessed using the Mixed Methods Appraisal Tool (MMAT), version 2018, which is specifically designed for reviews integrating qualitative, quantitative, and mixed-methods research.
Each study was evaluated against criteria appropriate to its design and assigned a quality rating. Of the 78 included studies, 48 (62%) were classified as high-quality, typically published in Q1–Q2 journals with robust methodologies, while 30 (38%) were rated as moderate quality, often comprising grey literature or studies with limited sample sizes.
Quality assessments informed the synthesis process, with greater interpretive weight assigned to higher-quality studies when aggregating empirical outcomes.
2.7 Data Synthesis Approach
Due to substantial heterogeneity in study designs, outcome metrics, and intervention contexts, a formal meta-analysis was not feasible. Instead, the review employed a narrative quantitative synthesis approach.
This method involved aggregating reported outcomes into comparable ranges (e.g., yield gains, income increases, loss reductions) and synthesizing patterns across AI application domains. The approach aligns with best practice for systematic reviews where standardization of outcome measures is limited but policy-relevant synthesis is required.
This synthesis strategy enabled identification of consistent empirical trends, comparative advantages of AI interventions, and structural barriers limiting scalability across Ghanaian agricultural systems.
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Fig 1: Identification of studies via databases and registers
3. Results: Synthesized Empirical Evidence on AI in Ghanaian Agriculture
Table 1. Empirical impacts of artificial intelligence applications in Ghanaian agriculture
	AI application domain
	Representative AI functions
	Key crops / systems
	Aggregated empirical outcomes
	Evidence base

	Precision agriculture
	Soil monitoring, crop health analytics, site-specific input recommendations
	Cocoa, maize, cereals
	Yield increases 15–35%; input efficiency gains (fertilizer, water)
	[23–28]

	Predictive analytics & weather forecasting
	AI-based weather prediction, planting-date optimization
	Cassava, maize, cocoa
	Yield increases 10–92%; 84% of farmers reporting improved harvest outcomes
	[29–32]

	Pest and disease detection
	Computer vision–based diagnostics, early-warning systems
	Cassava
	Diagnostic accuracy ≈98%; pesticide reduction up to 25%
	[33–35]

	Market linkages
	Price prediction, buyer–seller matching, logistics optimization
	Staple and horticultural crops
	Income gains 10–15%; post-harvest loss reduction 25–30%
	[36–39]

	Financial inclusion & livestock services
	Digital credit scoring, AI-enabled veterinary advisory
	Livestock systems
	Financial inclusion increase ≈15%; livestock mortality reduction ≈20%
	[20,38,39]



3.1 Overview of Synthesized Results
The systematic review synthesized evidence from 78 studies, documenting 11 empirically evaluated AI pilot initiatives deployed within Ghanaian agricultural systems between 2015 and 2025[13,15–17]. Although adoption remains limited in scale, the reviewed studies demonstrate consistent and measurable impacts across crop production, climate resilience, market integration, and farmer livelihoods.
Aggregated findings across AI application domains indicate crop yield increases ranging from 10% to 92%, reductions in input use of up to 25%, post-harvest loss reductions averaging 25–30%, and farmer income gains of 10–15%[18,19]. Digital financial platforms increased formal financial inclusion by approximately 15%, while livestock-focused AI services reduced mortality by approximately 20%[20,21].
Across application categories, three cross-cutting empirical patterns emerge:
(i) AI-enabled interventions consistently outperform conventional extension-based approaches[9];
(ii) impact magnitude is strongly conditioned by data availability, connectivity, and farmer digital literacy[22]; and
(iii) benefits extend beyond productivity to include cost efficiency, climate risk reduction, and livelihood stabilization[5].
3.2 AI in Precision Agriculture
Key Outcomes
AI-enabled precision agriculture applications demonstrated aggregated yield gains ranging from approximately 15% to 35%, driven by site-specific input recommendations, AI-assisted soil monitoring, and crop health assessment[23,24]. Studies reported improved resource-use efficiency through optimized fertilizer application, targeted irrigation, and reduced chemical misuse[25].
In Ghana, precision agriculture initiatives have been most prominently documented in cocoa and cereal systems, where pilot projects showed improved productivity but uneven performance due to infrastructural limitations [26]. 
Interpretation
Compared with conventional agricultural extension approaches, which rely on periodic, generalized advisories, AI-driven precision agriculture enables continuous, data-responsive farm management[27]. However, empirical outcomes highlight strong infrastructure dependence, with effectiveness constrained by limited access to soil testing facilities, sensors, connectivity, and technical support services[28]. As a result, precision agriculture applications exhibit high technical efficacy but limited scalability under current conditions.
3.3 Predictive Analytics and Weather Forecasting
Key Outcomes
Predictive analytics for weather forecasting represents the most empirically robust AI application domain identified in the review. Synthesized evidence indicates yield increases ranging from 10% to 92%, particularly in climate-sensitive crops such as cassava, maize, and cocoa [29,30]. 
Across AI-enabled weather advisory platforms, approximately 84% of participating farmers reported improved harvest outcomes, attributing gains to improved planting decisions, optimized fertilizer timing, and reduced weather-related crop losses[31].
Climate Resilience Interpretation
AI-driven weather intelligence reduced climate risk primarily by improving temporal decision accuracy, enabling farmers to align planting, input application, and harvesting with localized rainfall patterns[32]. These findings position predictive analytics as scalable climate-resilience interventions, capable of mitigating increasing rainfall variability and extreme weather exposure in Ghanaian agriculture.
3.4 Pest and Disease Detection
Key Outcomes
AI-powered pest and disease diagnostic tools demonstrated exceptionally high technical performance. Image-based diagnostic systems achieved 98% detection accuracy for cassava viral diseases, enabling rapid field-level identification of Cassava Mosaic Disease and Cassava Brown Streak Disease[33].
Across reviewed applications, AI-assisted diagnostics reduced pesticide use by up to 25%, primarily through early detection and precise targeting of interventions[34].
Interpretation
Early disease detection enabled by AI significantly reduced crop losses and intervention delays compared to visual inspection-based extension systems. In addition to productivity benefits, reduced chemical application contributes to environmental sustainability and improved farmer health, reinforcing the ecological advantages of AI-enabled diagnostics[35].
3.5 Market Linkages and Financial Inclusion
Key Outcomes
AI-enabled market and financial platforms demonstrated consistent value-chain-level impacts. Synthesized evidence indicates farmer income gains of 10–15%, driven by improved price transparency, reduced intermediary losses, and enhanced buyer–seller matching[36].
Post-harvest loss reductions ranged between 25% and 30%, reflecting improved logistics coordination and access to structured markets [37]. Digital financial platforms increased formal financial inclusion by approximately 15%, expanding access to credit, savings, and insurance services [38]. In livestock systems, AI-supported veterinary platforms reduced mortality rates by approximately 20%, improving household income stability and food security[9].
Value Chain Interpretation
Unlike production-focused AI tools, market and financial applications generated system-level efficiency gains, affecting multiple nodes of the agricultural value chain simultaneously. These findings demonstrate that AI adoption delivers compounded benefits when interventions extend beyond farm-level productivity to include market access and financial services.
4. Discussion
4.1 Comparative Advantages over Traditional Agricultural Extension
The synthesized results demonstrate that AI-enabled agricultural interventions offer distinct comparative advantages over conventional extension systems in terms of speed, precision, and cost efficiency. Traditional extension in Ghana, as in much of sub-Saharan Africa, is constrained by limited staffing, infrequent farm visits, and generalized advisory content, resulting in modest productivity gains.
AI-driven platforms, by contrast, deliver near-real-time decision support, enabling farmers to respond rapidly to weather variability, pest outbreaks, and market fluctuations. This temporal advantage is particularly evident in predictive analytics and pest diagnostics, where early warnings substantially reduce yield losses [18].
Precision represents a second major advantage. While conventional extension typically disseminates uniform recommendations, AI systems tailor advice based on localized data inputs, including soil conditions, crop phenology, and microclimatic patterns. The substantially higher yield gains observed in AI-enabled pilots—up to 92% in some cases—underscore the productivity implications of this precision advantage [18].
Finally, AI interventions demonstrate superior cost efficiency. Reductions in pesticide use of up to 25% and post-harvest loss reductions of 25–30% translate into higher net returns without proportional increases in input costs[39]. These efficiency gains are rarely achievable through traditional extension alone, highlighting AI’s potential to complement and enhance existing advisory systems rather than replace them.

4.2 Structural Constraints Limiting Scale
Despite strong technical performance, the review finds that AI adoption in Ghanaian agriculture remains institutionally constrained, with scaling limited by four interrelated structural barriers.
First, digital connectivity remains inadequate. Rural mobile network coverage remains below 30%, restricting the functionality of AI systems reliant on mobile data, cloud processing, and real-time information exchange [40]. Second, digital literacy among smallholder farmers remains below 25%, limiting effective utilization of AI tools even where connectivity exists[41].
Third, data scarcity presents a fundamental technological constraint. Fewer than five publicly available, localized agricultural datasets exist for training and validating AI models in Ghana, resulting in accuracy degradation of 18–32% when off-the-shelf models are applied [42]. This undermines reliability and farmer trust, particularly in early-stage deployments.
Finally, high entry costs restrict adoption. Basic AI-enabled tools, such as drones or sensor systems, require initial investments exceeding GHS 15,000, placing them beyond the reach of most smallholders without subsidies or cooperative models [43]. These constraints explain why empirically successful pilots have not transitioned into nationally scaled systems.
4.3 Ethical and Equity Considerations
Beyond structural barriers, the expansion of AI in agriculture raises important ethical and equity considerations. Data ownership and privacy remain central concerns, as AI systems depend on extensive farm-level and personal data. Without robust governance frameworks, farmers risk losing control over data generated from their own production activities[9].
Algorithmic bias represents a second ethical challenge. AI models trained on non-representative datasets may underperform for women farmers, marginal agroecological zones, or minority farming systems, thereby reinforcing existing inequalities[35]. Given the dominance of smallholder and informal production systems in Ghana, inclusive dataset development is essential to prevent exclusionary outcomes.
Equity considerations are particularly salient for women and marginalized farmers, who often face disproportionate barriers to digital access, credit, and training[44]. Without deliberate inclusion strategies, AI adoption risks deepening the digital divide rather than promoting inclusive agricultural transformation.
4.4 Implications for the Sustainable Development Goals
The findings of this review have direct implications for multiple Sustainable Development Goals (SDGs). Productivity gains and post-harvest loss reductions contribute directly to SDG 2 (Zero Hunger) by enhancing food availability and stability[45]. AI-driven weather forecasting and climate analytics support SDG 13 (Climate Action) by strengthening adaptive capacity and reducing climate-related agricultural risk[46].
At the livelihood level, income gains, financial inclusion, and reduced livestock mortality align with SDG 1 (No Poverty) and SDG 8 (Decent Work and Economic Growth) by improving income stability and resilience among rural households[47]. However, realizing these contributions at scale will depend on addressing the institutional, infrastructural, and ethical barriers identified in this review.
Collectively, the evidence suggests that AI can serve as a powerful enabler of sustainable agricultural development in Ghana, but only if embedded within inclusive policy frameworks that prioritize accessibility, data governance, and capacity building.

5. Policy Implications and Recommendations
5.1 National-Level Policy Needs: Toward an AI-in-Agriculture Framework
The synthesized evidence indicates that while AI applications in Ghanaian agriculture are technically validated, their large-scale deployment remains institutionally fragmented. This underscores the need for a coherent national AI-in-Agriculture Policy Framework to coordinate investments, standards, and stakeholder roles. Existing digital agriculture initiatives remain largely project-based, limiting continuity and scalability[18,48].
A national framework should articulate clear priorities for AI deployment across production, climate services, markets, and finance, while aligning with Ghana’s broader digitalization and agricultural transformation agendas[10]. Such a framework would provide regulatory clarity, reduce duplication of pilot initiatives, and create predictable conditions for private-sector and donor investment.
5.2 Infrastructure and Data Investments
Rural Connectivity
Empirical evidence consistently identifies limited rural connectivity as a primary bottleneck to AI adoption, with mobile network coverage below 30% in many agricultural regions[49]. Policy interventions should therefore prioritize rural broadband expansion, including last-mile connectivity and affordable data access, as foundational enablers of AI-driven agriculture.
Public investment in rural digital infrastructure, complemented by incentives for private telecom providers, would significantly enhance the functionality and reach of AI-based advisory, diagnostic, and market platforms. 
Open Agricultural Datasets
Data scarcity represents a critical technological constraint. Fewer than five publicly accessible, localized agricultural datasets currently exist for Ghana, limiting model accuracy and adaptability . Government-supported development of open, high-quality agricultural datasets—including crop images, soil profiles, and weather records—would reduce reliance on imported models and improve local relevance[13].
Universities and research institutions should be mandated and resourced to curate and maintain open datasets, while data governance frameworks ensure ethical use and farmer consent.
5.3 Institutional Integration
AI-Enabled Extension Services
The findings suggest that AI should be positioned as a complement to, rather than a replacement for, traditional extension services. Integrating AI tools into public extension systems would enhance reach, frequency, and personalization of advisory services while preserving the trust and contextual knowledge of human agents.
This integration could involve equipping extension officers with AI-enabled diagnostic and advisory tools, enabling hybrid service delivery models that combine digital analytics with field-level engagement[50].
Public–Private Partnerships
Public–private partnerships (PPPs) emerge as a critical mechanism for scaling AI solutions. Most successful pilots reviewed were implemented through collaborations involving startups, development partners, and government agencies.  Formal PPP frameworks can de-risk private investment, support innovation, and facilitate scaling beyond donor-funded pilots [51].
5.4 Capacity Building
Digital Literacy
Low digital literacy—estimated below 25% among smallholder farmers—significantly constrains AI adoption. National training initiatives embedded within existing agricultural programs are essential to build basic digital skills, data awareness, and trust in AI-enabled systems.
Targeted literacy programs should prioritize women, youth, and marginalized farming communities to prevent reinforcement of existing inequalities.
Farmer-Centric Design
Finally, the effectiveness of AI interventions depends on farmer-centric design principles. Tools must be affordable, accessible via basic mobile devices, and adapted to local languages and agronomic contexts. Participatory design approaches that involve farmers in tool development and testing can enhance usability, relevance, and long-term adoption[10].
6. Limitations of the Review
This systematic review has several limitations that should be considered when interpreting the findings.
First, the reviewed literature exhibits substantial heterogeneity in study design, outcome metrics, and analytical approaches. Studies varied widely in their definitions of AI applications, measurement of impacts (e.g., yield, income, or efficiency), and evaluation timeframes, which constrained the ability to conduct a formal meta-analysis and required reliance on narrative quantitative synthesis [52]. While this approach is appropriate for emerging fields, it limits statistical comparability across interventions.
Second, the evidence base is dominated by pilot-scale and project-based implementations. Most AI applications reviewed were evaluated within localized or short-term pilots, often supported by development partners or startups, rather than through nationally scaled programs [53]. As a result, reported impacts may overestimate performance under real-world scaling conditions where institutional support and user engagement may differ.
Third, longitudinal evidence remains limited. Few studies assessed sustained adoption, long-term productivity impacts, or dynamic behavioral changes among farmers over multiple seasons or years. This constrains inference regarding the durability of observed benefits and the long-term economic viability of AI-enabled interventions[54].
Despite these limitations, the review provides the most comprehensive synthesis to date of empirical evidence on AI applications in Ghanaian agriculture, offering robust insights into both impact potential and structural constraints. Addressing these limitations through standardized reporting, long-term evaluations, and nationally coordinated data collection should be a priority for future research.
7. Conclusion and Future Research Directions
7.1 Principal Finding
This systematic review demonstrates that artificial intelligence applications in Ghanaian agriculture are technically proven but institutionally constrained. Across production, climate services, pest management, market access, and financial inclusion, AI-enabled interventions consistently generated measurable gains in productivity, efficiency, and livelihood outcomes. However, despite strong technical performance at pilot level, widespread adoption remains limited by infrastructural deficits, low digital capacity, data scarcity, and fragmented institutional coordination.
This central finding suggests that the primary challenge facing AI-driven agricultural transformation in Ghana is not technological feasibility, but rather the absence of enabling institutional, policy, and infrastructural ecosystems necessary for scale.
7.2 Summary of Contributions
This review makes three principal contributions to the literature.
First, it provides a quantitative synthesis of empirical impacts from fragmented pilot studies, aggregating evidence across 78 sources to demonstrate yield gains of 10–92%, income increases of 10–15%, reductions in post-harvest losses of 25–30%, and substantial improvements in climate resilience and livestock outcomes.
Second, the review develops a structured taxonomy of barriers to AI adoption in Ghanaian agriculture, systematically identifying infrastructural, socio-economic, technological, and ethical constraints that limit scalability. This barrier framework clarifies why technically successful pilots have not transitioned into national systems.
Third, the study offers an evidence-based policy roadmap, linking empirical findings to actionable recommendations on national AI governance, infrastructure investment, institutional integration, and capacity building. By integrating technical outcomes with policy analysis, the review advances the discourse beyond proof-of-concept toward system-level transformation.
7.3 Future Research Directions
To advance artificial intelligence (AI) adoption from pilot success to sustained national impact in Ghanaian agriculture, future research should prioritize several interrelated areas.
First, there is a critical need for long-term and longitudinal impact studies that assess sustained adoption, productivity dynamics, behavioral change, and economic returns over multiple agricultural seasons. Such studies are essential for evaluating the durability, scalability, and real-world performance of AI interventions beyond short-term pilot contexts[55].
Second, future research should promote standardized impact metrics and reporting frameworks for AI applications in agriculture. Harmonization of outcome indicators—particularly for yield, income, resource-use efficiency, and adoption—would improve comparability across studies and regions and enable robust meta-analyses to strengthen the evidence base[55].
Third, investment in localized and farmer-centered AI model development is essential. Research should focus on building and validating AI models using Ghana-specific datasets to improve accuracy, contextual relevance, and farmer trust. In parallel, greater emphasis should be placed on developing simpler, affordable, and interpretable AI tools that function on basic mobile devices and are compatible with low digital literacy contexts[56]. Evidence suggests that usability, trust, and alignment with farmers’ decision-making practices strongly influence adoption among smallholders in sub-Saharan Africa.
A further priority lies in integrating AI-driven agricultural transformation with food security and environmental sustainability outcomes. While much of the existing literature emphasizes productivity and income effects, future studies should evaluate how AI applications affect resource efficiency, soil health, greenhouse gas emissions, and broader food system sustainability in a holistic manner [9,25,45]. Such integrated assessments are necessary to ensure that AI contributes to both agricultural intensification and long-term environmental resilience.
Finally, future research should explore the role of robotics, automation, and AI-enabled machinery in supporting comprehensive farm operations, including land preparation, planting, crop monitoring, harvesting, and post-harvest handling. Advances in agricultural robotics and smart mechanization offer opportunities to reduce labor constraints, enhance precision, and improve efficiency across the production cycle, particularly as rural labor availability declines [27,48]. Empirical evidence is needed to assess the technical feasibility, economic viability, and social implications of deploying these technologies within smallholder-dominated agricultural systems.
In summary, while AI holds significant promise for transforming Ghanaian agriculture, realizing this potential will require coordinated institutional action, sustained investment, and inclusive, farmer-oriented research agendas. This review provides a robust foundation for guiding future research toward scalable, equitable, and sustainable AI-driven agricultural development.
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