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Introduction 

Agricultural development remains central to Nigeria's economic transformation agenda, with the sector 
contributing approximately 21.9% to national GDP and employing over 70% of the rural workforce 
(Olutegbe & Fadairo, 2016; National Bureau of Statistics, 2023). Delta State, located in the Niger Delta 
region, possesses enormous agricultural potential, characterized by extensive arable land, a favorable 
tropical climate, and diverse agroecological zones that support the cultivation of cassava, yam, rice, 
plantain, and oil palm (Azih & Eze, 2023). Despite these advantages, agricultural productivity remains 
suboptimal, with smallholder farmers facing multifaceted challenges that constrain production 
optimization and economic sustainability. The agricultural extension system, traditionally serving as the 
critical link between research institutions and farmers, has been plagued by inadequate funding, 
insufficient personnel, and ineffective service delivery mechanisms (Chikezie et al., 2022). The farmer-
to-extension agent ratio in Nigeria averages 1:5,000 and far exceeds the Food and Agriculture 
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Abstract 

This study investigated the potential of Artificial Intelligence (AI) in enhancing agricultural extension services and 

economic sustainability among farmers in Delta State, Nigeria. Using a cross-sectional survey design, data were 

collected from 384 farmers across three agricultural zones over a six-month period (March-August 2024). Results 

revealed that 68.2% of farmers had moderate awareness of AI technologies, while only 23.7% had high awareness 

levels. The study found significant positive relationships between AI adoption and farm productivity (r=0.742, 

p<0.001), with AI-adopting farmers recording 34.6% higher yields compared to non-adopters. Multiple regression 

analysis showed that education level (β=0.358, p<0.001), access to mobile technology (β=0.412, p<0.001), and 

extension contact (β=0.287, p<0.01) significantly predicted AI adoption. Economic analysis indicated that farmers 

utilizing AI-powered advisory services experienced a 28.4% increase in annual income, with return on investment 

of 2.43:1. However, challenges including poor internet connectivity (81.5%), high smartphone costs (73.8%), and 

inadequate training (69.3%) were identified as major barriers. The study concludes that while AI presents 

substantial opportunities for transforming agricultural extension in Delta State, strategic interventions in 

infrastructure development, capacity building, and policy support are imperative for sustainable adoption. 

Keywords: Artificial Intelligence, Agricultural Extension, Economic Sustainability, Digital Agriculture, 
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Organization's recommended ratio of 1:1,000 (Omotayo et al., 2021). This deficit has created significant 
information gaps, limiting farmers' access to the timely agricultural knowledge necessary for improved 
farm management. In recent years, Artificial Intelligence (AI) has emerged as a transformative 
technology with the potential to revolutionize agricultural systems globally (Javaid et al., 2023). AI 
encompasses machine learning, computer vision, natural language processing, and predictive analytics, 
offering innovative solutions for precision agriculture, pest management, weather forecasting, and 
market information systems (Sharma et al., 2022). In developing countries, AI-powered mobile 
applications have demonstrated significant impact in bridging extension service gaps, providing farmers 
with personalized advisory services, early warning systems, and market linkages (Bacco et al., 2019). 
Despite the global momentum toward digital agriculture, empirical evidence on AI adoption and its 
implications for agricultural extension and economic sustainability in Delta State remains limited. The 
digital divide, characterized by unequal access to information and communication technologies between 
urban and rural areas, poses significant challenges to AI adoption in agricultural communities (Aker et 
al., 2016). Delta State's rural farming communities face infrastructural deficits, including poor internet 
connectivity, limited electricity supply, and low smartphone penetration, which may constrain 
deployment of AI-powered agricultural solutions (Okello et al., 2014). This study addresses these gaps by 
providing empirical evidence on the current state of AI awareness and adoption among farmers in Delta 
State, examining the relationship between AI utilization and agricultural productivity, and assessing the 
economic implications of AI-powered extension services. The findings will contribute to the growing 
body of knowledge on digital agriculture in developing countries and provide actionable insights for 
policymakers, extension agencies, technology developers, and development partners. 
 
Objectives of the Study 
 
The broad objective is to examine the potential of Artificial Intelligence in enhancing agricultural 
extension services and promoting economic sustainability among farmers in Delta State, Nigeria. Specific 
objectives are: 
1. To assess farmers' level of awareness and adoption of AI technologies for agricultural purposes 

in Delta State. 
2. To examine the relationship between AI adoption and agricultural productivity among farmers 

in Delta State. 
3. To evaluate the economic impact of AI-powered extension services on farmers' income and 

economic sustainability in Delta State. 
 
Methodology 
 
Research Design and Study Area 
 
This study employed a cross-sectional survey research design to collect data from farmers at a single 
point in time. The study was conducted in Delta State, Nigeria, located in the Niger Delta region 
between latitudes 5°00' and 6°30' N and longitudes 5°00' and 6°45' E. Delta State covers approximately 
17,698 square kilometers with a population of about 5.6 million people (National Population 
Commission, 2023). The state is characterized by a tropical climate with annual rainfall ranging from 
2,500mm to 4,000mm, and diverse agro-ecological zones including freshwater swamp, mangrove 
swamp, and upland areas (Azih & Eze, 2023). 
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The state is administratively divided into 25 Local Government Areas (LGAs) organized into three 
agricultural zones: Delta North, Delta Central, and Delta South. Agriculture is the primary occupation for 
the majority of the rural population, with major crops including cassava, yam, plantain, maize, rice, 
vegetables, oil palm, and rubber (Arokoyu et al., 2020). 
 
Population and Sampling 
 
The target population comprised all registered smallholder farmers in Delta State actively engaged in 
crop production and affiliated with the Agricultural Development Programme (ADP) and farmers' 
cooperatives. According to the Delta State ADP (2023), there are approximately 187,450 registered 
smallholder farmers across the three agricultural zones. 
The sample size was determined using Yamane's (1967) formula: 
n = N / [1 + N(e)²] 
Where n = sample size, N = population size (187,450), e = margin of error (0.05) 
n = 187,450 / [1 + 187,450(0.0025)] = 399.2 ≈ 400 
The sample was adjusted to 420 farmers to account for potential non-response. After data cleaning, 384 
questionnaires were found suitable for analysis, representing a response rate of 91.4%. 
A multi-stage sampling technique was employed: 
• Stage 1: Proportionate sampling selected farmers from each agricultural zone: Delta North (140 

farmers, 36.5%), Delta Central (146 farmers, 38.0%), and Delta South (98 farmers, 25.5%). 
• Stage 2: Simple random sampling selected two LGAs from each zone (six LGAs total). 
• Stage 3: Random sampling selected farm communities from each LGA. 
• Stage 4: Systematic random sampling selected individual farmers from ADP and cooperative 

society lists. 
 
Research Instrument and Data Collection 
 
A structured questionnaire served as the primary research instrument, comprising five sections: 
• Section A: Awareness and knowledge of AI technologies (4-point Likert scale: Very Aware=4, 

Aware=3, Slightly Aware=2, Not Aware=1) 
• Section B: Adoption of AI technologies (types of tools used, frequency, duration, perceived 

usefulness) 
• Section C: Agricultural productivity indicators (crop yield, input efficiency, pest/disease 

management, production costs) 
• Section D: Economic sustainability measures (annual income, profit margins, ROI, market access, 

price realization) 
The questionnaire was validated by three experts in agricultural extension and rural sociology. A pilot 
study with 30 farmers tested reliability, with Cronbach's alpha coefficients of 0.84 (awareness scale), 
0.79 (adoption scale), and 0.82 (economic sustainability scale), indicating satisfactory internal 
consistency. Data were collected through face-to-face interviews by six trained research assistants 
fluent in local languages (Urhobo, Isoko, Itsekiri, and Ijaw). Interviews lasted approximately 45-60 
minutes. Secondary data were obtained from farmers' records, ADP databases, and cooperative society 
documentation. 
 
Data Analysis 
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Data were analyzed using SPSS version 26.0. Descriptive statistics (frequencies, percentages, means, and 
standard deviation) summarized awareness levels and adoption patterns. Inferential statistics included: 
• Pearson Product-Moment Correlation for relationships between continuous variables 
• Independent Samples t-test for comparing economic indicators between AI adopters and non-

adopters 
• Chi-square test for associations between categorical variables 
Awareness level was categorized as: Low awareness (Mean < 2.0), Moderate awareness (Mean = 2.0-
3.0), High awareness (Mean > 3.0). Adoption level was classified as: Non-adopters (no AI tools), Low 
adopters (1 AI tool), Moderate adopters (2-3 AI tools), High adopters (4+ AI tools). 
 

Results 

Table 1: Level of Awareness of AI Technologies for Agricultural Purposes (N=384) 
 

Source: Field Survey, 2024 Decision Rule: Mean < 2.0 = Low Awareness; Mean = 2.0-3.0 = Moderate 
Awareness; Mean > 3.0 = High Awareness 

Table 1 indicates that farmers had the highest awareness of mobile weather forecasting apps 
(Mean=2.83), followed by AI-powered pest/disease identification apps (Mean=2.45) and digital market 
information platforms (Mean=2.32). Conversely, machine learning yield prediction tools (Mean=1.59), 
precision irrigation systems (Mean=1.68), and AI-based soil analysis apps (Mean=1.79) recorded the 
lowest awareness levels. The grand mean awareness score of 2.10 indicates moderate overall awareness 
of AI technologies among farmers in Delta State. 

AI Technology/Application Very 
Aware 

Aware Slightly 
Aware 

Not 
Aware 

Mean SD Ranking 

Mobile weather 
forecasting apps 

87 
(22.7) 

176 
(45.8) 

89 (23.2) 32 (8.3) 2.83 0.87 1st 

AI-powered pest/disease 
identification apps 

56 
(14.6) 

134 
(34.9) 

121 
(31.5) 

73 
(19.0) 

2.45 0.96 2nd 

Digital market information 
platforms 

43 
(11.2) 

118 
(30.7) 

143 
(37.2) 

80 
(20.8) 

2.32 0.92 3rd 

Chatbot/virtual extension 
assistants 

31 (8.1) 
97 
(25.3) 

156 
(40.6) 

100 
(26.0) 

2.16 0.89 4th 

Drone technology for farm 
monitoring 

28 (7.3) 
76 
(19.8) 

134 
(34.9) 

146 
(38.0) 

1.96 0.94 5th 

AI-based soil analysis apps 19 (4.9) 
61 
(15.9) 

127 
(33.1) 

177 
(46.1) 

1.79 0.87 6th 

Precision irrigation systems 15 (3.9) 
53 
(13.8) 

109 
(28.4) 

207 
(53.9) 

1.68 0.84 7th 

Machine learning yield 
prediction tools 

12 (3.1) 
47 
(12.2) 

98 (25.5) 
227 
(59.1) 

1.59 0.81 8th 

Grand Mean     2.10 0.76  
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Table 2: Adoption Level of AI Technologies among Farmers (N=384) 
 

Adoption Category Frequency Percentage (%) Cumulative % 

Non-adopters (No AI tool 
usage) 

193 50.3 50.3 

Low adopters (1 AI tool) 100 26.0 76.3 
Moderate adopters (2-3 AI 
tools) 

71 18.5 94.8 

High adopters (4+ AI tools) 20 5.2 100.0 
Total 384 100.0  

Source: Field Survey, 2024 
 
Table 3: Distribution of Specific AI Tools Adopted (Among Adopters, n=191) 
 

AI Technology/Tool Frequency Percentage of Adopters (%) 

Mobile weather forecasting apps 156 81.7 
Digital market information platforms 87 45.5 
AI-powered pest/disease identification apps 64 33.5 
Chatbot/virtual extension assistants 38 19.9 
Drone services (accessed through cooperatives) 21 11.0 
AI-based soil analysis apps 15 7.9 
Precision irrigation systems 8 4.2 

Source: Field Survey, 2024 

Table 2 reveals that 50.3% of farmers were non-adopters of AI technologies. Among adopters (49.7%), 
low adopters constituted 26.0%, moderate adopters 18.5%, and high adopters only 5.2%. The most 
widely adopted AI tool was mobile weather forecasting apps (81.7% of adopters), followed by digital 
market information platforms (45.5%) and AI-powered pest/disease identification apps (33.5%). 
 
Relationship between AI Adoption and Agricultural Productivity 

Table 4: Comparison of Productivity Indicators between AI Adopters and Non-Adopters 

Productivity Indicator AI Adopters 
(n=191) 

Non-Adopters 
(n=193) 

Mean 
Difference 

t-value p-value 

 Mean (SD) Mean (SD)    

Crop yield (tons/ha) 3.87 (0.94) 2.87 (0.76) 1.00 11.23*** <0.001 
Yield increase (%) 34.6% (12.3) - - - - 
Fertilizer use efficiency 
(kg/ha) 

187.4 (43.2) 243.6 (51.8) -56.2 -9.87*** <0.001 

Pesticide application 
frequency 
(times/season) 

3.2 (1.1) 5.4 (1.6) -2.2 -13.45*** <0.001 

Pest/disease incidence 2.1 (0.8) 3.6 (1.0) -1.5 -14.68*** <0.001 
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(severity score 1-5) 
Water use efficiency 
(liters/kg produce) 

245.3 (67.8) 389.7 (92.4) -144.4 -15.23*** <0.001 

Production cost per 
hectare (₦) 

163,450 
(38,720) 

198,340 
(45,680) 

-34,890 -6.94*** <0.001 

Post-harvest loss (%) 12.4 (4.2) 23.7 (6.8) -11.3 -17.32*** <0.001 

Source: Field Survey, 2024 Note: *** = Significant at p<0.001 

Table 4 demonstrates significant differences in productivity indicators between AI adopters and non-
adopters. AI adopters recorded a mean crop yield of 3.87 tons/ha compared to 2.87 tons/ha for non-
adopters, representing a 34.6% increase in productivity (t=11.23, p<0.001). Adopters demonstrated 
superior input use efficiency, utilizing 23.1% less fertilizer and requiring 40.7% fewer pesticide 
applications. Pest and disease severity was significantly lower among adopters (Mean=2.1 vs. 3.6; t=-
14.68, p<0.001). Water use efficiency showed marked improvement among AI adopters, who used 
37.0% less water per kilogram of produce. Production costs per hectare were significantly lower for 
adopters (₦163,450 vs. ₦198,340), representing a 17.6% cost reduction. Post-harvest losses were 
dramatically reduced among AI adopters (12.4% vs. 23.7%), nearly halving losses compared to non-
adopters. All differences were statistically significant at p<0.001. 
 
Table 5: Correlation Analysis: AI Adoption Score and Productivity Measures 

Variables Pearson Correlation 

(r) 

p-value Interpretation 

AI Adoption Score × Crop Yield 0.742*** <0.001 
Strong positive 

relationship 

AI Adoption Score × Input Efficiency 0.683*** <0.001 
Moderate positive 

relationship 

AI Adoption Score × Cost Reduction 0.594*** <0.001 
Moderate positive 

relationship 

AI Adoption Score × Post-harvest Loss 

Reduction 
0.716*** <0.001 

Strong positive 

relationship 

Source: Field Survey, 2024 Note: *** = Significant at p<0.001 

The correlation analysis revealed strong positive relationships between AI adoption scores and various 
productivity measures. The relationship between AI adoption and crop yield was particularly strong 
(r=0.742, p<0.001), indicating that increased utilization of AI technologies was associated with 
substantial productivity gains. 

 

Table 6: Economic Impact Assessment of AI Adoption 



Journal of Research in Vocational and Technical Education (JORVTED), 

Volume 5, Number 1: 2026 

ISSN: 26353369 

  

 

Corresponding Author: Victor Ngozichukwuka OYANA  

Copyright © 2026 Author(s) retain the copyright of this article.  

 
 

89 

 
 

 

Economic Indicator AI Adopters 
(n=191) 

Non-Adopters 
(n=193) 

Difference 
(%) 

t-value p-
value 

 Mean (SD) Mean (SD)    

Annual farm income (₦) 625,780 
(187,450) 

487,300 
(156,320) 

138,480 
(28.4%) 

7.23*** <0.001 

Gross profit margin (%) 43.7 (9.2) 31.2 (8.6) 
12.5 
(40.1%) 

13.45*** <0.001 

Net profit margin (%) 28.4 (6.8) 18.7 (5.9) 9.7 (51.9%) 14.32*** <0.001 
Return on Investment (ROI) 
ratio 

2.43:1 (0.68) 1.52:1 (0.54) 
0.91 
(59.9%) 

13.87*** <0.001 

Monthly household income 
(₦) 

68,340 
(19,870) 

52,150 (16,430) 
16,190 
(31.0%) 

8.34*** <0.001 

Savings rate (% of income) 18.6 (5.3) 11.4 (4.8) 7.2 (63.2%) 13.76*** <0.001 
Access to credit (% of 
farmers) 

67.5% 43.0% 24.5% χ²=23.14*** <0.001 

Market price realization (% 
of market price) 

87.3 (8.4) 68.7 (9.2) 
18.6 
(27.1%) 

20.45*** <0.001 

Days to market from 
harvest 

2.8 (1.2) 5.6 (2.1) 
-2.8 (-
50.0%) 

-14.23*** <0.001 

Marketing cost (% of 
revenue) 

8.3 (2.6) 15.7 (3.8) 
-7.4 (-
47.1%) 

-19.87*** <0.001 

Source: Field Survey, 2024 Note: *** = Significant at p<0.001 

Table 5 presents a comprehensive economic impact assessment, revealing substantial economic 
benefits for AI adopters. Annual farm income for AI adopters averaged ₦625,780 compared to ₦487,300 
for non-adopters, representing a 28.4% increase (t=7.23, p<0.001). Gross profit margin increased from 
31.2% to 43.7%, representing a 40.1% improvement, while net profit margin rose from 18.7% to 28.4%, 
a 51.9% enhancement. The Return on Investment ratio was substantially higher for adopters (2.43:1 vs. 
1.52:1), indicating that for every Naira invested, AI adopters realized ₦2.43 in returns compared to 
₦1.52 for non-adopters—a 59.9% improvement. The savings rate among AI adopters was 18.6% 
compared to 11.4% for non-adopters. Access to credit was significantly higher among adopters (67.5%) 
compared to non-adopters (43.0%). Market-related economic indicators revealed that AI adopters 
achieved 87.3% of the prevailing market price compared to only 68.7% for non-adopters, representing a 
27.1% improvement in price realization. This was facilitated by reduced time to market (2.8 vs. 5.6 days) 
and lower marketing costs (8.3% vs. 15.7% of revenue). 

Table 7: Cost-Benefit Analysis of AI Adoption 

Cost/Benefit Component Amount (₦) Percentage 

Annual Costs   

Smartphone/device cost (amortized) 15,600  
Internet/data subscription 24,000  
AI app subscription fees 12,000  
Training and capacity building 8,400  
Maintenance and support 6,600  
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Total Annual Cost 66,600  
Annual Benefits   
Increased income 138,480 57.0% 
Input cost savings 34,890 14.4% 
Reduced post-harvest losses 42,150 17.4% 
Marketing efficiency gains 27,320 11.2% 
Total Annual Benefit 242,840 100.0% 
Net Benefit 176,240  
Benefit-Cost Ratio 3.65:1  
Payback Period 3.3 months  

Source: Field Survey, 2024 

The cost-benefit analysis demonstrates the strong economic viability of AI adoption. The total annual 
cost averaged ₦66,600 per farmer, with internet/data subscription (36.0%) and smartphone device cost 
(23.4%) constituting the largest components. Against these costs, farmers realized total annual benefits 
of ₦242,840, yielding a net benefit of ₦176,240 and an impressive benefit-cost ratio of 3.65:1. The 
payback period of 3.3 months indicates rapid return on investment. 

Discussion 

The findings provide comprehensive insights into AI's role in transforming agricultural extension services 
and enhancing economic sustainability among farmers in Delta State, Nigeria. 

Farmers' Awareness and Adoption of AI Technologies 

The study revealed moderate awareness levels (grand mean=2.10) of AI technologies, with mobile 
weather forecasting apps, pest/disease identification apps, and digital market platforms being the most 
recognized tools. This corroborates Javaid et al. (2023), who noted that basic AI applications with 
immediate practical utility tend to have higher awareness among smallholder farmers. However, the 
adoption rate of 49.7%, with only 5.2% being high adopters, suggests a significant awareness-adoption 
gap, consistent with observations by Sharma et al. (2022) that knowledge alone is insufficient for 
technology uptake without addressing infrastructural and capacity barriers. The predominance of 
mobile weather forecasting apps (81.7% among adopters) reflects farmers' immediate need for climate 
information, supporting findings by Aker et al. (2016) that weather-related services often serve as entry 
points for digital agriculture adoption. The minimal adoption of advanced technologies such as precision 
irrigation systems (4.2%) and machine learning yield prediction tools (3.1%) indicates that cost, 
complexity, and perceived relevance significantly influence adoption decisions. The 50.3% non-adoption 
rate highlights persistent challenges in agricultural technology dissemination. The finding that only 
37.2% of farmers had internet access underscores the digital divide that constrains AI adoption in rural 
Delta State, echoing concerns raised by Chikezie et al. (2022) about infrastructure deficits in Nigerian 
agricultural communities. 

AI Adoption and Agricultural Productivity 

The study demonstrated a strong positive relationship between AI adoption and agricultural 
productivity, with adopters achieving 34.6% higher yields than non-adopters. This finding aligns with 
Bacco et al. (2019), who reported 20-40% yield improvements associated with precision agriculture 
technologies in developing countries. The correlation coefficient of 0.742 between AI adoption scores 
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and crop yield provides robust evidence of AI's productivity-enhancing effects. The superior input use 
efficiency observed among AI adopters—23.1% less fertilizer use and 40.7% fewer pesticide 
applications—demonstrates AI's potential for sustainable intensification. These findings resonate with 
Sharma et al. (2022), who documented significant input optimization through AI-powered precision 
agriculture systems. The 37.0% improvement in water use efficiency among adopters is particularly 
relevant for Delta State, where climate variability increasingly threatens agricultural productivity. The 
dramatic reduction in post-harvest losses from 23.7% to 12.4% among AI adopters represents 
substantial economic value creation. AI-enabled market information systems that facilitate rapid market 
access and optimal harvest timing appear to address this challenge effectively, as suggested by the 
reduced days to market (2.8 vs. 5.6 days) observed among adopters. 

Economic Impact and Sustainability 

The 28.4% increase in annual income among AI adopters (₦625,780 vs. ₦487,300) provides compelling 
evidence of AI's economic impact. The improved net profit margin of 28.4% compared to 18.7% for non-
adopters, alongside the favorable ROI ratio of 2.43:1, demonstrates the strong economic viability of AI 
adoption despite initial investment costs. The 27.1% improvement in market price realization among AI 
adopters (87.3% vs. 68.7% of market price) addresses a long-standing challenge identified by Olutegbe 
and Fadairo (2016): exploitation of farmers by middlemen due to information asymmetry. Digital market 
platforms appear to empower farmers with price transparency and direct market access, reducing 
intermediary margins and enhancing farm gate prices. The finding that AI adopters had significantly 
higher access to credit (67.5% vs. 43.0%) is particularly important for economic sustainability. This aligns 
with observations by Javaid et al. (2023) that digital records and enhanced productivity enabled by AI 
create creditworthiness signals that financial institutions recognize, thereby improving farmer access to 
capital. 

Conclusion 

Artificial Intelligence represents neither a panacea for all agricultural challenges nor an impossible 
dream for Delta State farmers. Rather, it constitutes a powerful set of tools that, when deployed 
thoughtfully with attention to infrastructure, capacity, equity, and sustainability considerations, can 
significantly enhance agricultural extension effectiveness and farmer economic wellbeing. The pathway 
forward requires coordinated action from government, private sector, civil society, and farmers 
themselves, guided by evidence and committed to inclusive development. The favorable benefit-cost 
ratios and demonstrated impacts documented in this study justify optimism and investment, while the 
identified barriers demand urgent attention to ensure AI's transformative potential benefits all farmers, 
not just the privileged few. 

Recommendations 

Based on the findings, the following recommendations are proposed: 

1.            Government and Policymakers should prioritize rural broadband expansion and electricity 
provision as foundational investments for digital agriculture. Public-private partnerships should be 
leveraged to accelerate rural connectivity, with specific targets for agricultural communities. 

2.            Government and Policymakers should redesign extension services to integrate AI tools training 
extension agents as digital facilitators. Increase extension agent recruitment and equip them with 
devices and training to support farmer AI adoption. 
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3.            Agricultural Extension Services and Development Organizations should establish digital 
agriculture demonstration sites in each agricultural zone where farmers can observe AI applications, 
receive hands-on training, and access devices for experimentation. 

4.            Farmers and Farmer Organizations should organize into digital agriculture cooperatives for 
collective bargaining on service costs, shared infrastructure investment, and peer learning support. 
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