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ABSTRACT

This study examines the implementation and effectiveness of Machine Learning (ML) technologies in
addressing climate change risks within Kenya's North Rift region. The research investigates how ML
applications are being utilized to enhance climate resilience, improve agricultural practices, and support
decision-making processes in climate risk management. Through a mixed-methods approach combining
quantitative data analysis and qualitative stakeholder interviews, this study evaluates the current state of
ML adoption, identifies key challenges, and assesses the impact on local communities. Findings indicate
that while ML adoption is still in its early stages, there is significant potential for these technologies to
improve climate risk prediction, optimize resource allocation, and enhance adaptation strategies. The
study reveals that successful implementation requires addressing infrastructure limitations, building local
capacity, and ensuring community engagement. This research contributes to the growing body of
knowledge on technological solutions for climate change adaptation in developing regions and provides
practical recommendations for policymakers and practitioners.
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1. INTRODUCTION

Climate change presents significant challenges to the North Rift region of Kenya, threatening agricultural
productivity, water resources, and community livelihoods. The region, known for its agricultural
significance and diverse ecosystems, faces increasingly unpredictable weather patterns, prolonged
droughts, and extreme weather events. In response to these challenges, there is growing interest in
leveraging machine learning technologies to enhance climate risk mitigation strategies.

The study examines how ML technologies are being adopted and implemented in the North Rift region,
focusing on their application in Climate prediction and early warning systems, Agricultural decision
support, Resource management optimization and Risk assessment and mitigation planning. The study
aims to evaluate the effectiveness of current ML implementations, identify barriers to adoption, and assess
the potential for scaling successful solutions across the region.

2. Literature Review

The application of machine learning in climate change risk mitigation has emerged as a crucial area of
research, particularly in developing regions facing immediate climate challenges. Recent literature reveals
significant advances across multiple domains, with researchers increasingly focusing on practical
implementation challenges and solutions. Understanding long-term trends in climatic variables is essential
for assessing climate change impacts on regional ecosystems and human livelihoods (Makokha et al.,
2024).

In the realm of weather prediction, Zhang et al. (2023) documented substantial improvements through
deep learning applications, showing 15-25% better accuracy compared to traditional methods. Their work
highlighted the particular effectiveness of LSTM networks in capturing complex weather patterns.
Building on this, Kumar & Patel (2024) demonstrated how integrating satellite data with ML models could
further enhance prediction accuracy by up to 30%, particularly benefiting rural areas with limited ground-
based monitoring infrastructure.

Crop yield prediction has seen notable evolution, as documented in Singh & Martinez's (2023)
comprehensive meta-analysis of 50 African implementation cases. Their research demonstrated an 18%
improvement in prediction accuracy over conventional methods. A particularly interesting development
emerged from Ochieng & Kimani's (2024) study, which found that incorporating traditional farming
knowledge into ML models improved accuracy by 22% while simultaneously enhancing model
interpretability and community adoption.
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Resource optimization applications have shown promising results, especially in water management.
Ahmed & Thompson's (2024) analysis of 30 case studies revealed average water usage reductions of 25%
through ML-based management systems. The World Bank's 2023 study further validated these findings,
documenting successful implementations across irrigation optimization, soil nutrient management, and
pest control resource allocation.

Risk assessment systems have demonstrated particular promise in improving climate resilience. Chen &
Kumar's (2023) systematic review found ML models enhanced risk prediction accuracy by 35% while
improving community response times by 40%. This improvement in early warning capabilities has proven
crucial for community resilience.

However, implementation challenges persist. Mohammed & Wilson (2024) identified critical factors
including infrastructure requirements, technical capacity needs, and data management challenges. Their
research emphasized the importance of reliable power supply, internet connectivity, and local expertise
development. The United Nations Development Programme (2023) has highlighted the need for low-
resource ML solutions and resilient system design to address these challenges.

Recent work by Thompson et al. (2024) has emphasized the importance of capacity building, suggesting
focused approaches to local expertise development and sustainable training programs. Rodriguez & Kim
(2024) further stress the need for region-specific model adaptation and community-driven development
approaches.

Significant research gaps remain, particularly in long-term impact assessment and integration frameworks.
Limited studies exist on the long-term effectiveness of ML implementations and their impact on
community resilience. Additionally, there's a pressing need for standardized protocols and interoperability
studies to ensure system sustainability.

Anderson & Smith (2024) point to emerging opportunities in agricultural systems, while Brown &
Johnson (2023) document successful case studies from East Africa. These studies collectively suggest that
while technical solutions continue to improve, successful implementation requires careful consideration
of local contexts, infrastructure limitations, and capacity building needs.

The literature indicates a clear trend toward more integrated, locally adapted solutions that combine
technical innovation with traditional knowledge and community engagement. Future research directions
suggest a focus on developing more resilient, low-resource solutions while building local capacity and
ensuring long-term sustainability.
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This evolving body of research demonstrates both the significant potential and persistent challenges in
implementing ML solutions for climate change risk mitigation. Success appears to depend not just on
technical excellence but on thoughtful integration with local knowledge systems and careful attention to
community needs and capabilities.

3. METHODOLOGY

3.1 Research Design and Rationale

This study adopted a mixed-methods research design, combining both quantitative and qualitative
approaches to provide a comprehensive understanding of the adoption and effectiveness of machine
learning (ML) in climate change risk mitigation. The rationale for this approach was to triangulate findings
from multiple data sources, thereby enhancing the validity and reliability of the research outcomes. The
study spanned 18 months, from June 2023 to December 2024, and targeted five counties in Kenya’s North
Rift region: Uasin Gishu, Elgeyo Marakwet, Nandi, West Pokot, and Trans Nzoia. These counties heavily
rely on rain-fed agriculture, making effective weather forecasting and environmental monitoring critical
for increasing productivity and ensuring sustainable land use (Makokha, Barasa, & Khamala, 2025).

3.2 Sampling Techniques

A multi-stage sampling method was employed. Stratified sampling was used to select representative
counties based on agro-ecological zones. Purposive sampling identified key stakeholders such as farmers,
agricultural officers, and technology developers. Simple random sampling was used to distribute surveys
among general community members within selected counties.

3.3 Data Collection Methods

Data was collected through Surveys of 250 stakeholders including farmers, local government officials,
and technology implementers, Semi-structured interviews with 30 key informants, Analysis of climate
and agricultural data from local weather stations and agricultural extension offices and Review of existing
ML implementation projects and their outcomes

3.3.1 Quantitative Data
Structured questionnaires were administered to farmers and local officials. The questionnaires covered
topics such as awareness of ML applications, usage frequency, observed benefits, and barriers to adoption.

3.3.2 Qualitative Data

In-depth interviews and focus group discussions were conducted with agricultural experts, ML developers,
and local leaders. These discussions sought to capture nuanced insights into implementation challenges
and socio-cultural barriers.

https://ijaser.org Page 33




Q./ International Journal of Applied Science and Engineering Review

IJASER ISSN: 2582-6271

Vol. 6, Issue.4, July-August 2025, page no. 30-47

3.3.3 Secondary Data
Historical climate data, agricultural yields, and resource management records were collected from Kenya
Meteorological Department, Agricultural Extension Offices and Academic and policy research databases

3.4 Instrument Development and Validation

Survey and interview instruments were developed based on prior studies and pre-tested in a pilot phase
involving 20 respondents. Reliability was assessed using Cronbach’s alpha (achieved score: 0.87), while
content validity was confirmed by expert review.

3.5 Machine Learning Model Evaluation

The study reviewed and tested ML implementations focusing on Weather prediction models (LSTM,
Random Forest), Crop yield predictors (XGBoost, Neural Networks) and Resource optimization systems
(Reinforcement Learning-based irrigation systems). Performance metrics used were Accuracy, Precision,
Recall, F1 Score and Root Mean Square Error (for regression models)

3.6 Data Analysis

Quantitative data was analyzed using SPSS and R, applying descriptive statistics, correlation analysis, and
regression modeling. Qualitative data was coded and analyzed thematically using NVivo software.
Triangulation ensured cross-validation of results. ML models were evaluated using standard performance
metrics including accuracy, precision, recall, F1 Score and Root Mean Square Error

3.7 Ethical Considerations

Ethical approval was obtained from School of Graduate Studies, Kibabii University. Participants provided
informed consent, and all data was anonymized. Special care was taken to respect cultural norms during
interviews.

4. RESULTS AND DISCUSSION

4.1 Current State of ML Adoption

The research revealed that the current state of ML adoption in the North Rift region demonstrates varying
levels of implementation success across different applications, with weather prediction emerging as the
dominant sector representing 35% of all ML implementations. This prominence in weather prediction
applications can be attributed to several factors, including the immediate practical value for farmers, robust
availability of historical weather data, and the relative maturity of ML weather prediction models.
Agricultural planning follows as the second most prevalent application at 25%, while resource
management accounts for 20% of implementations. The high concentration in these areas reflects both the
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urgent need for climate-related decision support tools and the relatively strong institutional support from
meteorological services and agricultural extension programs.

‘

M Weather Prediction i Ag'ri,cu?'fw allPlanning

Figure 1:ML Application Distribution

Infrastructure capacity analysis reveals significant regional variations that directly impact ML adoption
patterns. Urban and peri-urban areas, particularly in major agricultural zones, show higher adoption rates
due to better technical infrastructure and more reliable internet connectivity. However, remote areas face
substantial challenges in implementing and maintaining ML systems, leading to uneven adoption patterns
across the region. The effectiveness of implementations varies considerably, with weather prediction
systems showing the highest success rates at 78%, while crop yield prediction systems achieve lower
success rates around 65%. This disparity reflects the complex interplay between technical requirements,
data availability, and local capacity for system maintenance and operation. These patterns suggest that
while ML adoption is progressing, significant work remains to ensure equitable access and effective
implementation across all areas of the North Rift region.

Internet Connectivity

Data Quality Technical Su

Power Reliability
M Urban Areas

Figure 2: Regional Infrastructure Capacity
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The radar chart reveals significant infrastructure disparities between urban, peri-urban, and rural areas.
Urban areas show consistently higher capacity across all metrics (internet connectivity, technical support,
power reliability, and data quality), while rural areas face substantial challenges with much lower scores
across all dimensions. This infrastructure gap directly impacts ML implementation success rates and
highlights areas needing investment to ensure equitable access to ML technologies across the region.

4.2 Implementation Effectiveness

4.2.1 Performance Metrics

Analysis of ML implementation effectiveness revealed varying success rates across different applications
(Wanjiku & Ndungu, 2023). The effectiveness of ML implementations varied significantly across
different applications.

Jan Feb Mar Abr Mag/

- Weather Prediction

Figure 3: Performance Trends of Key ML Applications

This line graph illustrates the performance trends of three key machine learning applications - Weather
Prediction, Crop Yield Prediction, and Resource Optimization - over a five-month period from January to
May.

Weather Prediction (shown in blue) demonstrates the highest performance levels throughout the period,
starting at approximately 75% in January and showing steady improvement to reach nearly 85% by May.
This superior performance aligns with research indicating that weather prediction benefits from more
robust historical data and established meteorological models. The consistent upward trend suggests
ongoing refinement of the ML models and possibly improved data collection methods over time.

Resource Optimization (depicted in yellow/orange) maintains the second-best performance level,
beginning at around 70% in January and gradually improving to approximately 80% by May. The
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trajectory closely parallels that of weather prediction, though consistently performing about 5 percentage
points lower. This pattern might indicate that resource optimization algorithms benefit from improved
weather predictions, as resource management decisions often depend on weather conditions.

Crop Yield Prediction (shown in green) consistently shows the lowest performance of the three
applications, starting at about 65% in January and improving to roughly 75% by May. While following a
similar upward trend, the lower overall performance likely reflects the greater complexity of crop yield
prediction, which must account for multiple variables including weather, soil conditions, farming
practices, and pest pressures.

Several notable patterns emerge from this visualization including Consistent Improvement where all three
applications show steady improvement over the five-month period, the rate of improvement is relatively
consistent across all applications and the performance gaps between applications remain fairly stable
Secondly, Performance Hierarchy shows Weather Prediction that maintains its leadership position
throughout, Resource Optimization consistently holds the middle position and Crop Yield Prediction
remains the most challenging application

Thirdly, Growth Characteristics where the steepest improvements appear in the early months (January to
March), the rate of improvement appears to slow slightly in later months (April to May) and none of the
applications shows any significant performance degradation

Fourthly, Performance Gaps are visible where approximately 5-10 percentage points separate each
application, these gaps remain relatively constant, suggesting systematic rather than random differences
and stability of these gaps indicate fundamental differences in prediction difficulty

The visualization suggests several important implications for ML implementation in agricultural and
resource management contexts which include Progressive Refinement where ML models show continuous
improvement over time, the steady upward trends suggest successful model training and optimization and
the slowing improvement rate indicate approaching performance plateaus. Secondly, the visualization
displays Inter-relationship where parallel trends suggest interdependence between these systems,
Improvements in weather prediction could be driving advances in other areas and Similar external factors
might be affecting all three applications. Thirdly, Implementation Maturity which shows Weather
prediction's higher performance likely reflecting its longer history of ML application, , the lower but
improving performance of crop yield prediction suggests an emerging application and the intermediate
position of resource optimization might indicate moderate implementation maturity.
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This data visualization effectively demonstrates both the progress and challenges in implementing ML
solutions for agricultural and environmental management. The consistent improvement across all
applications suggests successful implementation strategies, while the persistent performance gaps
highlight areas needing additional research and development focus.

Future research will benefit from investigating Factors driving the consistent performance gaps between
applications, Reasons for the apparent slowing of improvement rates, Potential synergies between these
different ML applications and Strategies for accelerating improvement in lower-performing applications
The performance data indicates a steady improvement in ML model accuracy over time, particularly in
weather prediction applications. This aligns with findings from Zhang et al. (2023) regarding the learning
curve of ML implementations in agricultural settings.

Machine learning applications in North Rift, Kenya's climate change risk mitigation efforts show varying
degrees of success across different areas, with weather prediction emerging as the most successful
implementation at 78% success rate (Zhang et al., 2023). Despite challenges with data quality, weather
prediction maintains a high impact level due to its critical role in agricultural planning and disaster
preparedness.

Crop yield prediction, achieving a 65% success rate, faces significant challenges due to limited historical
data availability. This medium-impact application struggles with incomplete records and inconsistent
reporting methods across farming communities. However, recent studies suggest that integrating
traditional farming knowledge with ML algorithms could improve prediction accuracy by up to 12%
(Otieno & Kiprop, 2023).

Resource optimization applications demonstrate strong potential with a 72% success rate, despite
infrastructure challenges. These systems, primarily focused on water management and soil nutrient
optimization, have helped reduce water usage by up to 30% in pilot projects (World Bank, 2023). The
high impact level reflects the critical importance of resource management in the region, though
implementation is hampered by limited internet connectivity and insufficient computing resources.

Risk assessment applications, achieving a 70% success rate, show promise but face technical expertise
limitations. The medium impact level reflects implementation challenges, particularly the shortage of local
technical expertise for model development and maintenance (Wanjiku & Ndungu, 2023). This has led to
difficulties in adapting and maintaining systems to local contexts.
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Cross-cutting challenges affect all applications to varying degrees, with data quality and infrastructure
limitations being the most prevalent (Hassan & Mohammed, 2023). Success rates correlate strongly with
available infrastructure and technical capacity, suggesting that investments in these areas could improve
overall implementation effectiveness.

The analysis indicates that weather prediction and resource optimization applications currently offer the
highest return on investment, given their higher success rates and impact levels. However, all applications
show potential for improvement through targeted interventions in data collection, infrastructure
development, and technical capacity building (Martinez & Kumar, 2023).

Future success in implementing these ML applications depends on addressing core challenges through
Improved data collection and management systems, Enhanced infrastructure development in rural areas,
Increased investment in local technical capacity building, Integration of traditional knowledge with ML
systems and Development of resilient, low-resource ML solutions.

These findings suggest that while ML applications show significant promise in climate change risk
mitigation, their successful implementation requires a balanced approach addressing both technical and
human capacity challenges (Ahmed & Smith, 2023). The varying success rates across applications indicate
the need for targeted interventions based on specific application requirements and local contexts.

4.2.2 Impact Assessment
The impact of ML implementations was evaluated across multiple dimensions, following the framework

proposed by Hassan & Mohammed (2023) as shown in Table 1.

Table 1: Evaluation of Impact of ML implementation

Application | Success | Key Impact
Area Rate Challenges Level
Weather 78% Data Quality | High
Prediction
Crop Yield | 65% Limited Medium
Prediction Historical

Data
Resource 72% Infrastructure | High
Optimization
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Risk 70% Technical Medium
Assessment Expertise

Weather prediction emerged as the most successful application of machine learning in the North Rift
region, achieving a 78% success rate. According to Zhang et al. (2023), this relatively high success rate
can be attributed to the increasing sophistication of weather modeling algorithms and the growing
availability of satellite data. However, data quality remains a significant challenge, particularly in remote
areas where weather monitoring infrastructure is limited.

The high impact level of weather prediction applications stems from their direct influence on agricultural
decision-making and disaster preparedness. Recent studies by Hassan & Mohammed (2023) demonstrate
that ML-based weather forecasting systems have improved prediction accuracy by 15-20% compared to
traditional methods, particularly for extreme weather events. This improvement has proven crucial for
farmers in the North Rift region, where climate variability has increased significantly in recent years.

Data quality challenges manifest in several ways which include Inconsistent data collection methodologies
across different weather stations, Gaps in historical weather records, Calibration issues with monitoring
equipment and Limited integration of traditional weather knowledge systems

Despite these challenges, Ahmed & Smith (2023) note that the high impact level justifies continued
investment in weather prediction systems, particularly given their critical role in early warning systems
for extreme weather events.

With a 65% success rate, crop yield prediction applications face more significant challenges, primarily
due to limited historical data. Johnson & Patel (2023) identify this as a common issue in developing
regions, where systematic crop yield data collection has only recently been implemented. The medium
impact level reflects both the potential value of these predictions and the current limitations in their
accuracy.

The limited historical data challenge is compounded by several factors include Incomplete records of past
crop yields, Inconsistent reporting methods across different farming communities, Limited documentation
of traditional farming practices and Lack of standardized measurement protocols.

Recent research by Otieno & Kiprop (2023) suggests that incorporating indigenous knowledge systems
and participatory data collection methods could help address these limitations. Their study showed that
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combining traditional farming knowledge with ML algorithms improved prediction accuracy by 12%
compared to purely data-driven approaches.

Resource optimization applications achieved a 72% success rate, demonstrating significant potential
despite infrastructure challenges. According to Martinez & Kumar (2023), these applications focus
primarily on water resource management, soil nutrient optimization, and pest control resource allocation.
The high impact level reflects the critical importance of resource optimization in a region facing increasing
resource constraints. The World Bank (2023) reports that ML-based resource optimization systems have
helped reduce water usage by up to 30% in pilot projects across the North Rift region.

Infrastructure challenges include Limited internet connectivity in rural areas, Insufficient computing
resources for real-time optimization, Unreliable power supply affecting system operation and Limited
sensor networks for data collection

Chen et al. (2023) emphasize that addressing these infrastructure challenges requires a combination of
technological innovation and policy support. Their research suggests that hybrid systems combining edge
computing with cloud-based processing could help overcome some infrastructure limitations.

Risk assessment applications achieved a 70% success rate, with technical expertise identified as the key
challenge. The medium impact level reflects the current state of implementation, where the potential
benefits are recognized but not fully realized due to capacity constraints.

Wanjiku & Ndungu (2023) highlight that effective risk assessment requires sophisticated modeling
capabilities and deep domain knowledge. The shortage of local technical expertise has led to Limited
capacity for model development and adaptation, Challenges in maintaining and updating systems,
Difficulties in interpreting and acting on risk assessments and Reduced ability to integrate local context
into risk models.

The Food and Agriculture Organization (2023) suggests that building local technical capacity through
training programs and knowledge transfer initiatives is crucial for improving the effectiveness of risk
assessment applications.

Analysis of these four application areas reveals several cross-cutting themes:

1. Data Management Challenges: Research by Kimutai & Ochieng (2023) indicates that data-related
issues affect all application areas to varying degrees. They recommend developing standardized
data collection protocols and investing in data quality assurance systems.

https://ijaser.org Page 41




&1’/ International Journal of Applied Science and Engineering Review

hER ISSN: 2582-6271
Vol. 6, Issue.4, July-August 2025, page no. 30-47
il. Infrastructure Dependencies: The World Meteorological Organization (2023) emphasizes that

infrastructure limitations affect all ML applications, though their impact varies by application type.
They suggest that developing resilient, low-resource ML solutions could help address these

challenges.

1il. Capacity Building Needs: Odhiambo & Kimani (2023) highlight the critical importance of
building local technical capacity across all application areas. Their research shows that successful

implementations typically involve significant investment in training and knowledge transfer.

The analysis of these application areas suggests several key considerations for future development:
i Investment Prioritization: Given the varying success rates and impact levels, Smith & Brown
(2023) recommend prioritizing investments in weather prediction and resource optimization

applications while building capacity for other applications.

ii. Technical Innovation: The United Nations Development Programme (2023) suggests that

developing locally appropriate technical solutions could help address the challenges id
across all application areas.

entified

iil. Policy Support: According to recent studies by Hassan & Mohammed (2023), successful
implementation requires robust policy frameworks that support infrastructure development,

capacity building, and data management initiatives.

This analysis demonstrates that while ML applications show significant promise in climate change risk

mitigation, their successful implementation requires a comprehensive approach addressing technical,
infrastructural, and human capacity challenges. The varying success rates and impact levels suggest the

need for targeted interventions based on application-specific requirements and local context.
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Figure 4: Impact Assessment on Resource Management and Community Adaptation
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Key findings include Agricultural Productivity with 75% positive impact through improved decision-
making, 15% neutral impact due to implementation challenges and 10% negative impact primarily from
initial adoption difficulties. Resource Management achieved 65% positive impact through optimization,
25% neutral impact and 10% negative impact from system limitations. Community adaptation achieved
60% positive impact, 30% neutral impact and 10% negative impact.

The performance data indicates a steady improvement in ML model accuracy over time, particularly in
weather prediction applications. This aligns with findings from Zhang et al. (2023) regarding the learning
curve of ML implementations in agricultural settings.

4.3 Implementation Challenges

Stakeholder interviews across the North Rift region revealed significant technical challenges impeding
the successful implementation of machine learning solutions for climate change risk mitigation. The
primary technical obstacles centered around data quality and availability, with organizations struggling to
overcome inconsistent data collection methods, limited historical datasets, and persistent data
standardization issues. Infrastructure limitations further complicated implementation efforts, as many
areas faced unreliable internet connectivity, insufficient computing resources, and unstable power supply.
These technical challenges created substantial barriers to the effective deployment and operation of ML
systems, particularly in remote and rural areas.

The human capital dimension presented equally significant challenges, with two main areas of concern
emerging from the analysis. Technical expertise proved to be a major limitation, characterized by a
scarcity of local ML expertise, prohibitively high costs of training programs, and a persistent brain drain
as skilled professionals migrated to urban areas. Community engagement posed additional challenges,
with many stakeholders reporting significant resistance to technology adoption, limited understanding of
ML benefits among local populations, and various cultural barriers that hindered implementation. These
human capital challenges often interacted with and amplified the technical difficulties, creating complex
obstacles that required comprehensive solutions addressing both technical and social aspects of ML
implementation.

4.4 Success Factors

Case study analysis revealed several critical success factors in implementing machine learning solutions
for climate change risk mitigation in the North Rift region. Stakeholder engagement emerged as a
fundamental component, with early community involvement playing a pivotal role in project success.
Organizations that prioritized clear communication of benefits and established regular feedback
mechanisms demonstrated significantly higher adoption rates and sustained implementation. Similarly,
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comprehensive technical support proved essential, with successful projects consistently featuring robust
training programs, ongoing technical assistance, and dedicated efforts toward building local capacity.
These elements collectively created a supportive ecosystem that enabled communities to effectively utilize
and maintain ML systems over time.

Infrastructure development represented another crucial success factor, with strategic investments serving
as the foundation for sustainable implementation. Projects that established effective public-private
partnerships showed greater resilience and resource availability, while innovative resource sharing
arrangements helped overcome common infrastructure limitations. The most successful implementations
typically combined all these elements - strong stakeholder engagement, comprehensive technical support,
and strategic infrastructure development - creating a synergistic effect that enhanced overall project
outcomes. This integrated approach helped communities overcome initial adoption challenges while
building long-term sustainability into their ML implementations for climate change risk mitigation.

5. CONCLUSION

The adoption of machine learning in the North Rift region of Kenya offers a compelling pathway to
enhancing resilience against climate change impacts. The study demonstrates that ML technologies,
particularly in weather forecasting and resource optimization, can substantially improve agricultural
productivity, reduce resource waste, and enable proactive risk management. However, the implementation
is challenged by infrastructural limitations, data quality issues, and a shortage of local technical expertise.
The analysis reveals that the success of ML applications is closely tied to contextual factors such as
infrastructure, community engagement, and policy support. High success rates in weather prediction
(78%) and resource optimization (72%) underline the importance of mature datasets and robust models,
while lower rates in crop yield prediction (65%) and risk assessment (70%) point to areas requiring more
research and investment.

In conclusion, ML has transformative potential, but its successful deployment in North Rift depends on a
synergistic strategy that aligns technological innovation with capacity building and infrastructural
development.

6. RECOMMENDATIONS FROM THE STUDY

6.1 Policy Recommendations

To effectively harness machine learning (ML) in agriculture, it is imperative to develop a comprehensive
national policy framework that integrates ML technologies with climate resilience strategies. Such a
framework will provide a structured approach to guiding innovation and resource allocation. Additionally,
the government should offer tax incentives and grants to encourage the development of ML solutions,
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particularly those tailored for rural agricultural contexts where the need is greatest. To streamline regional
efforts and ensure cohesive implementation, it is also recommended that a regional ML implementation
coordination center be established in the North Rift region. This center would serve as a hub for research,
deployment, and monitoring of ML initiatives in agriculture.

6.2 Technical Recommendations

Addressing the infrastructural challenges that hinder ML adoption in rural areas requires targeted
investments. Prioritizing the deployment of edge computing systems powered by solar energy can
significantly mitigate the issues of unreliable electricity and poor connectivity. Moreover, promoting open
data policies is essential to facilitate the effective training and validation of ML models by allowing wider
access to diverse datasets. To ensure seamless integration and functionality, it is also crucial to implement
interoperable platforms that can interface smoothly with existing agricultural management systems.

6.3 Capacity Building

Building the capacity of stakeholders is fundamental for the long-term success of ML in agriculture.
Launching community-based digital literacy programs tailored for farmers will empower them to
understand and engage with ML tools. Furthermore, establishing dedicated ML training hubs in
collaboration with local universities will foster a skilled local workforce equipped to develop and maintain
ML solutions. Providing scholarships and internship opportunities for local students in artificial
intelligence and data science will also enhance the regional talent pool and ensure sustainable growth in
the sector.

6.4 Community Engagement

Active community engagement is vital for the relevance and adoption of ML solutions. Involving local
farmers directly in the design and development of ML models ensures that the solutions address real needs
and local challenges. To make ML insights more accessible, these outputs should be translated into local
languages and disseminated via mobile SMS and voice alerts. Additionally, incorporating traditional
agricultural knowledge into ML datasets can enhance the contextual relevance and accuracy of predictive
models, creating solutions that resonate more deeply with local practices.

6.5 Data and Monitoring

Improving data collection and monitoring systems is key to supporting data-driven decision-making in
agriculture. Strengthening climate data collection networks through collaborations between public and
private stakeholders will enhance the quality and coverage of environmental data. The development of
real-time monitoring dashboards can equip policymakers with timely insights to inform responsive

https://ijaser.org Page 45




(.1./ International Journal of Applied Science and Engineering Review

IJASER ISSN: 2582-6271

Vol. 6, Issue.4, July-August 2025, page no. 30-47

interventions. Finally, promoting the standardization of data collection methods across counties will
ensure consistency, comparability, and reliability of data used in ML applications countrywide.

7. Suggested Areas for Further Research

1. Assess long-term impacts of ML interventions on community resilience, yields, and economic
outcomes.

il. Explore frameworks for effectively integrating traditional forecasting methods into ML
systems.

1. Investigate how ML technologies affect different gender groups in terms of access, adoption,
and benefit.

iv. Quantify economic returns on ML investments in rural climate resilience.

V. Evaluate the carbon footprint and energy use of different ML systems used in agriculture.

Vi. Study the adaptability of ML models trained in North Rift for use in other Kenyan regions or
East Africa.

vii.  Innovate algorithms that perform well under hardware, data, or connectivity constraints.

viii.  Examine ethical considerations in using community data and the implications for data

governance.
1X. Investigate how evidence-based ML research informs national and county-level climate policy.
X. Study psychological and social factors influencing the adoption of ML technologies among

smallholder farmers.
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