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ABSTRACT 

 

Smallholder farmers in Zimbabwe face challenges such as limited access to data-driven tools, 

resource constraints, and climate variability, necessitating a solution to bridge traditional 

farming methods with modern agricultural technologies. This study aimed to develop an AI-

Driven Decision Support System (AI-DSS), named Ivhumunhu, to optimize soil analysis and 

crop management practices for these farmers. The AI-DSS was developed by integrating soil 

sensor data, satellite imagery, and weather forecasts with machine learning algorithms, 

including Random Forest for soil nutrient classification and Long Short-Term Memory 

(LSTM) networks for yield forecasting, to provide personalized recommendations on fertilizer 

application, irrigation, and crop rotation. Field trials in Zimbabwe's Makonde District 

demonstrated that Ivhumunhu improved soil fertility by increasing nitrogen levels by 25%, 

enhanced water usage efficiency by reducing irrigation needs by 18%, and increased maize and 

wheat yields by 15% over a single growing season, with the system achieving a 92% accuracy 

rate in diagnosing soil health conditions. The successful implementation of Ivhumunhu 

demonstrates the potential of AI-driven technologies to transform agriculture in resource-

constrained settings, providing a scalable model for other regions. 

 

Keywords: AI, Decision Support System, Crop Management, Machine Learning, Precision 

Farming, Soil Analysis, Sustainable Agriculture, Zimbabwe 
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CHAPTER 1 

 

1.1 Introduction  

Agriculture forms the backbone of Zimbabwe’s economy, supporting the livelihoods of 

millions and ensuring food security, particularly for rural communities (Mujeyi et al., 2021). 

Smallholder farmers, who dominate the sector, face persistent challenges that reduce their 

productivity and threaten sustainability. Continuous mon-ocropping and inadequate soil 

management have caused significant soil health degradation, resulting in reduced fertility and 

severe erosion, which directly lower yields of staple crops like maize and wheat (Makate, 

2019). These issues are compounded by climate variability, including unpredictable weather 

patterns, prolonged droughts, and irregular rainfall, which render traditional farming methods 

increasingly unreliable (Nyamasoka-Magonziwa et al., 2025). 

 To address these challenges, this study explores the potential of Artificial Intelligence (AI) 

through the development of an AI-Driven Decision Support System (AI-DSS) designed for 

Zimbabwean smallholder farmers. By integrating machine learning algorithms with soil sensor 

data, satellite imagery, and weather forecasts, the AI-DSS delivers precise, real-time 

recommendations for soil reconditioning, fertilizer application, and crop rotation (Mollel et al., 

2025). This research seeks to identify key soil factors affecting crop productivity, evaluate the 

efficacy of AI-driven recommendations for soil and crop management, and assess the system’s 

impact on crop yields, input costs, and farm profitability. In doing so, it addresses critical 

questions: What are the primary soil health challenges in Zimbabwe’s smallholder farming 

systems? How effective are AI-driven recommendations in optimizing soil reconditioning and 

crop management? What measurable impacts does the AI-DSS have on agricultural 

productivity and sustainability? Through these efforts, the study aims to bridge traditional 

farming practices with modern technology, enabling farmers to make data-driven decisions that 

enhance soil health, optimize water usage, and increase crop yields (Akinsemolu et al., 2024). 

 

The significance of this research lies in its potential to transform Zimbabwean agriculture by 

providing smallholder farmers with accessible, data-driven tools to overcome resource 

constraints and climate challenges.  Promoting sustainable farming practices, the study 
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contributes to global goals for food security and environmental sustainability, offering a 

scalable model for other resource-constrained regions (Mujeyi et al., 2021). 

 

1.2Background and context of the research 

The integration of Artificial Intelligence (AI) and Decision Support Systems (DSS) has 

transformed agriculture worldwide, enabling farmers to enhance productivity, sustainability, 

and resilience against challenges like soil degradation, climate variability, and increasing food 

demands. Across Europe, North America, Asia, South America, Africa, and Oceania, AI 

technologies are being leveraged to monitor soil health, optimize irrigation, and provide data-

driven recommendations tailored to local conditions, offering valuable insights for 

Zimbabwe’s smallholder farmers. In Europe, AI addresses water scarcity and promotes 

sustainable food systems. For instance, the Food and Agriculture Organization (FAO, 2020) 

highlights AI’s role in enabling precise irrigation strategies that conserve water while 

maintaining crop yields, crucial for regions facing water challenges. In the Netherlands, a 

leader in precision agriculture, AI-driven tools process real-time data to enhance resource 

efficiency and harvest returns, as noted by Basso and Antle (2020), who emphasize digital 

agriculture’s role in designing sustainable systems. The European Commission (2020) 

underscores AI’s contribution to the Farm to Fork Strategy, which aims to create a fair, healthy, 

and environmentally-friendly food system by leveraging data-driven technologies for soil and 

crop management. 

In North America, the United States employs AI through initiatives like the USDA’s Soil 

Health Management System, which provides farmers with guidelines for sustainable practices 

such as cover cropping and conservation tillage (USDA, 2021). These systems analyze soil 

data to reduce fertilization waste and optimize water usage, improving efficiency. Edwards et 

al. (2019) note that AI, combined with satellite imagery and drone technology, detects crop 

stress early, allowing timely interventions. Basso and Antle (2020) further highlight how AI 

enhances decision-making, integrating data from multiple sources to design sustainable 

agricultural systems that balance productivity and environmental impact. 

In Asia, China stands out for its use of AI to transform agriculture, driven by the need to ensure 

food security for its large population. Liu et al. (2021) describe how AI systems combine soil 

and weather data to deliver precise farming recommendations, optimizing irrigation and 
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boosting yields. Wang et al. (2020) emphasize that AI has improved China’s ability to adapt to 

climate fluctuations, enhancing production outcomes. Additionally, Zhang et al. (2019) 

demonstrate AI’s capability to identify plant diseases with high accuracy using convolutional 

neural networks, improving crop health management. AI is also applied in precision livestock 

farming, where sensors monitor animal health and behavior, optimizing feed and reducing 

waste (Wang et al., 2020). 

In South America, Brazil leverages AI to support crop health monitoring and resource 

optimization, particularly in soybean and maize farming. Lal (2019) discusses how AI reduces 

fertilization waste and minimizes water usage, contributing to sustainable practices. Antle et 

al. (2020) highlight AI-driven DSS that optimize fertilizer use through soil analysis, enhancing 

productivity and sustainability. Fernandes et al. (2021) note that AI models forecast pest 

infestations, enabling timely pesticide application, which reduces crop losses and operational 

costs in Brazil’s large-scale farming sectors. 

In Africa, AI adoption is growing, with Kenya leading through tools like the Agricultural 

Production Systems Simulator (APSIM), which provides farmers with soil and climate data for 

informed decision-making (Keating et al., 2020). Kamilaris et al. (2021) describe AI’s use in 

analyzing sensor and drone data to monitor crop health, soil moisture, and pest activity across 

African countries, enabling precise irrigation and fertilization. In Nigeria, AI monitors soil 

health in cassava farms, leading to enhanced crop output and improved resource utilization, as 

noted by Vanlauwe et al. (2018). These applications demonstrate AI’s potential to address 

Africa’s agricultural challenges, such as soil degradation affecting over 65% of arable land 

(Montanarella et al., 2020). 

In Oceania, AI enhances precision agriculture, particularly in Australia, where tools like the 

Grain Growers’ Yield Prophet predict crop yields by processing soil and weather data, 

improving resource effectiveness despite diverse soil conditions and climate patterns 

(Hochman et al., 2009). Mungai et al. (2022) discuss how machine learning provides data-

driven insights for sustainable farming, optimizing yields and resource management. Similarly, 

in South Asia, Hochman et al. (2009) explore AI’s role in addressing climate-related yield 

challenges in wheat production. In Southeast Asia, Kansiime et al. (2022) highlight AI’s 

optimization of agricultural processes for smallholder farmers, addressing resource scarcity 

and climate variability. In Central America, Lambin et al. (2018) investigate AI’s potential in 
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monitoring agricultural lands, improving land-use efficiency. In Eastern Europe, Montanarella 

et al. (2020) emphasize AI’s role in soil management and crop production, while in the Middle 

East, Wossen et al. (2020) explore AI’s application in climate-smart agriculture, enhancing 

food security. 

In Zimbabwe, AI holds significant potential to transform agriculture, particularly for 

smallholder farmers who dominate the sector and face challenges like soil degradation, nutrient 

depletion, and erratic rainfall. Jones et al. (2021) highlight AI’s role in improving crop yields 

and resource management, aligning with global trends. Vanlauwe et al. (2018) discuss 

integrated soil fertility management, where AI could optimize practices for smallholder 

farmers. Mafirakurewa et al., (2023) explore climate-smart agricultural practices in Zimbabwe, 

suggesting AI’s potential to enhance resilience against climate variability. Local startups are 

developing mobile apps that use AI to provide weather forecasts and market prices, though 

these are in early stages (Mafirakurewa et al. 2023). Research institutions like the University 

of Zimbabwe are studying AI applications tailored to local needs (Jones et al., 2021). The 

Zimbabwe National Statistics Agency (ZimStat, 2020) provides data indicating opportunities 

for AI adoption, while the World Bank (2019) underscores global AI trends, suggesting that 

strategic investments could benefit developing countries like Zimbabwe. 

Despite AI’s potential, its adoption in developing regions like Zimbabwe faces economic, 

technical, and social barriers. High costs of AI infrastructure, limited access to technology, and 

the need for skilled personnel are significant challenges (World Bank, 2019). Ethical concerns, 

such as data privacy and transparency, require attention to foster trust among farmers 

(Kamilaris et al., 2021). The digital divide between urban and rural areas further exacerbates 

inequalities in access to AI tools. However, the future of AI in agriculture is promising. As 

technology becomes more affordable, adoption is likely to increase. Governments and 

international organizations are investing in AI research, with the World Bank (2019) 

highlighting its role in agricultural transformation. Collaborations between tech companies, 

research institutions, and farmers can accelerate innovation, ensuring AI solutions are tailored 

to local needs. 

AI and DSS are revolutionizing agriculture by enabling data-driven decisions, optimizing 

resources, and enhancing sustainability. While developed regions lead in AI adoption, 

developing countries like Zimbabwe show promise but require support to overcome barriers. 
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Continued research, investment, and policy support are crucial to realizing AI’s full potential 

in achieving global food security and sustainable development goals. 

1.3 Statement of the problem 

The small-scale farmers across Zimbabwe experience declining nutrient content alongside 

erosion problems and poor soil structural conditions mainly affecting staple crops such as 

maize and wheat. Soil conditioning activities with generic applications account for lower crop 

yields because these methods do not satisfy particular soil requirements. The regional crop 

potential is not achieved because soil management remains inefficient leading to an average 

yield of 0.8 t/ha (FAO, 2022). The combination of fluctuating climate conditions and expensive 

soil testing equipment creates challenges for farmers to make proper decisions that lead to 

wastage of resources and weak output. The purpose of this study is to build an AI-Driven 

Decision Support System (AI-DSS) which generates individualized real-time soil management 

suggestions to help farmers maximize both soil quality and agricultural production. 

1.4 Research objectives 

1.4.1 Main Objective 

The main objective of this research was to develop an AI-Driven Decision Support System 

(AI-DSS) that optimises soil analysis and crop management for small holder farmers in 

Zimbabwe.  

 

1.4.2 Specific Objectives 

The specific objectives of the study were: 

1. To identify key soil factors affecting maize and wheat productivity among smallholder 

farmers in the Makonde District of Mashonaland West, Zimbabwe. 

2. To develop an AI-Driven Decision Support System (AI-DSS) that integrates soil analysis 

data with best practices in soil management specifically for maize and wheat cultivation 

in the Makonde District. 

3. To evaluate the impact of the developed AI-DSS on maize and wheat yields, input costs, 

and overall farm profitability among smallholder farmers in the Makonde District 
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1.5 Research questions 

1. What are the primary soil factors influencing maize and wheat productivity among 

smallholder farmers in the Makonde District of Mashonaland West, Zimbabwe? 

2. How effectively does an AI-Driven Decision Support System (AI-DSS) integrate soil 

analysis data with best practices to optimize soil management for maize and wheat 

cultivation in the Makonde District? 

3. What are the impacts of the AI-Driven Decision Support System (AI-DSS) on maize and 

wheat yields, input costs, and farm profitability for smallholder farmers in the Makonde 

District? 

 

1.6 Significance and contribution of the research 

The study is essential for all stakeholders who work in Zimbabwe’s agricultural sector 

including smallholder farmers alongside agricultural institutions together with policymakers 

and members of the private sector. The research develops an AI-DSS specifically designed for 

smallholder farmers to solve vital problems of soil management and crop production and 

sustainable farming practice. The research harnesses data-driven insights to power farmers 

while supporting innovation and resilience and enabling economic growth throughout the 

agricultural value chain. This system creates a significant change through its solutions for 

resolving critical system issues in agricultural conditions with limited resources. 

 

1.6.1 The Zimbabwean Farmers 

The investigation exclusively benefits small farmers since they represent most agricultural 

farmers in Zimbabwe. The AI-DSS development enables farmers to obtain site-specific 

recommendations which address their individual agricultural requirements. The 

recommendations direct farmers to achieve optimal soil health through determination of 

reconditioning requirements followed by practical crop rotation recommendations and the best 

fertilizer approaches for their unique soil composition. Farming outcomes grow better through 

data-driven decision making that addresses declining soil fertility and productivity challenges. 

The deployment of this system has the potential for better crop output levels thus enlarging 

available food resources and improving financial returns for small holder farmers. Through 

precision resource management the system decreases input costs which leads to higher 
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profitability for farmers thus establishing an important route to improved lives in rural areas. 

Farmers gain access to sustainable agricultural tools which provide them with methods that 

help them reduce climate variability impacts while adjusting to environmental changes. This 

research develops effective agricultural resource management abilities which support both 

national food security and economic stability within Zimbabwe’s agricultural sector (FAO, 

2020). 

 

1.6.2 Zimbabwean Population 

The development and implementation of an AI-Driven Decision Support System (AI-DSS) for 

smallholder farmers in the Makonde District of Mashonaland West, Zimbabwe, yields 

significant benefits for agricultural productivity, food security, and environmental 

sustainability. By integrating soil analysis data with best practices for maize and wheat 

cultivation, the AI-DSS empowers farmers to optimize soil management, enhance water 

efficiency, and increase crop yields (Mujeyi et al., 2021). Field trials in the Makonde District 

demonstrated a 15% increase in maize and wheat yields and an 18% reduction in irrigation 

needs, reducing input costs and improving farm profitability (Mollel et al., 2025). These 

improvements strengthen food security by increasing the local supply of maize and wheat, 

staple crops critical to Zimbabwe’s diet, thereby reducing reliance on imported food and 

stabilizing food prices for citizens (Makate, 2019). Enhanced food affordability supports better 

nutrition and quality of life, particularly for rural communities. 

 

The AI-DSS also promotes environmental sustainability by recommending precise fertilizer 

and water use, minimizing soil degradation and conserving resources in line with global 

environmental goals (Akinsemolu et al., 2024). By enabling resilient farming practices, the 

system helps farmers adapt to unpredictable weather patterns, such as droughts and irregular 

rainfall, ensuring the agricultural sector’s viability (Nyamasoka-Magonziwa et al., 2025). 

These outcomes contribute to national economic stability by boosting agricultural output and 

reducing import dependency, fostering social stability through improved livelihoods. The 

research aligns with the United Nations’ Sustainable Development Goals, particularly SDG 2 

(Zero Hunger) and SDG 13 (Climate Action), offering a scalable model for other resource-

constrained regions (United Nations, 2015). 
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1.6.3 Tech Companies and Researchers 

The development of an AI-Driven Decision Support System (AI-DSS) for smallholder farmers 

in the Makonde District of Mashonaland West, Zimbabwe, offers significant benefits for 

agricultural researchers, seed companies, and technology providers. The AI-DSS serves as a 

platform for developing and testing AI models tailored to resource-constrained environments, 

enabling the creation of data-driven solutions for maize and wheat cultivation (Mollel et al., 

2025).  Analyzing large datasets on soil health, weather, and crop performance, the system 

provides insights that support the development of region-specific seed varieties and improved 

farming technologies (Akinsemolu et al., 2024). For instance, seed companies can use AI-DSS 

outputs to breed maize and wheat varieties suited to local conditions, while technology 

providers can design tools to enhance precision farming (Mujeyi et al., 2021). The study’s 

findings contribute to academic knowledge by documenting AI-DSS applications in 

Zimbabwe, offering replicable insights for other developing nations (Jones et al., 2021). 

Through public-private partnerships, such as those with seed companies and extension services, 

the research fosters innovation and scales sustainable agricultural solutions, aligning with 

United Nations’ Sustainable Development Goals (SDG 2: Zero Hunger) (United Nations, 

2015).. 

 

1.6.4 Donors and Funding Agencies 

Development organizations that support agricultural research together with climate 

vulnerability programs and poverty reduction funding ensure the success of this study. The 

study presents a broad and scientifically proven model to address fundamental farming 

obstacles among smallholder farmers which ensures the effectiveness of donor investments 

becomes quantifiable. The AI-DSS generates substantial outcomes which can be observed 

through higher crop productivity with lower production expenses together with enhanced soil 

conditions. The outcomes demonstrate agreement with the main purposes of funding initiatives 

which aim to secure food provision while supporting sustainable farming techniques and 

bettering rural economic situation. Donor support of this initiative enables the creation of 

revolutionary agricultural solutions which combat urgent global problems including hunger 

and poverty and environmental deterioration (Bationo et al., 2018). The AI-DSS system 

generates vital information that helps donors create better resource distribution decisions while 

developing solutions for farmers' fundamental requirements. The system's scalability enables 

its application across different geographical areas dealing with comparable agricultural issues 
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which makes it a leading framework to direct upcoming agricultural funding decisions. The 

study works in favour of donors because its findings demonstrate how researchers have 

identified sustainable methods to create resilient agricultural infrastructure alongside inclusive 

economic development. 

 

1.7 Delimitations of the study 

The research examines Zimbabwean smallholder farmers who cultivate maize and wheat. 

Small-scale farmers in Zimbabwe cultivate these two crops because they represent vital 

elements in national agricultural systems and contribute to food supplies in the country. Both 

staple food maize and the rising importance of wheat, cultivate domestic markets and 

commercial demands in Zimbabwe. 

 

1.7.1 Geographic delimitations 

This research focuses on the Makonde District in Mashonaland West, Zimbabwe, a key region 

for maize and wheat cultivation among smallholder farmers. The Makonde District features 

diverse soil types, including sandy-loam and clay soils, and a semi-arid climate with erratic 

rainfall patterns, averaging 600–800 mm annually, which presents both opportunities and 

challenges for agricultural productivity (Mujeyi et al., 2021). These conditions make it an ideal 

setting to examine the AI-Driven Decision Support System (AI-DSS) for optimizing soil health 

management and crop yields. The district’s prevalence of smallholder farming, coupled with 

issues like soil degradation and climate variability, reflects the broader challenges faced by 

Zimbabwean farmers (Makate, 2019). By focusing on this region, the study captures a 

representative range of farming conditions, enabling the development and testing of AI-DSS 

solutions tailored to local needs, with potential applicability to other maize and wheat-growing 

areas in Zimbabwe (Nyamasoka-Magonziwa et al., 2025). 

 

1.7.2 Generalisability delimitations 

The research analyses maize and wheat cultivation since they represent critical components of 

Zimbabwe’s agricultural production and food security strategies. The staple crop of maize 

supports nutritional requirements of the population yet wheat maintains dual importance for 

domestic consumption and commercial sales. The research centres on maize and wheat crops 

because it seeks to create specific recommendations for soil reconditioning and agricultural 
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management approaches which address smallholder farmers' requirements for their essential 

crops. The concentrated research method provides improved ways to understand productivity 

barriers and apply specific solutions. 

 

1.7.3 Target Population 

Smallholder farmers who grow maize and wheat in Zimbabwe constitute the main population 

for this research. Small holder farmers farm as the essential core element of Zimbabwe's rural 

agricultural workforce thus sustaining food security across the nation. The research will use a 

diverse set of farmers operating across different areas in order to encompass various 

agricultural approaches and diverse conditions of soils and environmental elements. The 

research goal supports improving rural living standards through its concentration on 

smallholding farmers.  

 

1.7.4 Time Frame 

This research will take place following the agricultural growth periods of maize and wheat. 

The research team will organize data collection assignments including soil health assessments 

along with crop yield examinations and farmer interviews to happen during scheduled time 

frames. A defined time period ensures the study obtains results which reflect the real farming 

environment and seasonal activities of smallholder farmers. 

 

1.7.5 Limitations 

The research set Scale assessments only involve small farming enterprises because large 

commercial operations and non-sequence maize or wheat cultivation remain outside the study 

boundaries. The research maintains its focus as a way to deliver results that specifically address 

the present problems and requirements of smallholder farmers. The study maintains specific 

attention to small holder farming operations to guarantee that the developed AI-DSS handles 

resource-limited farming requirements precisely and achieves useful outcomes. 

 

1.8 Chapter Summary 

The agricultural challenges in Zimbabwe target primarily mallholder farmers whose number 

surpasses 70% (Moyo & Mututa, 2021). The farmers maintain essential status through their 

contributions to food security while facing important barriers like crop yield reduction because 
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of inadequate soil management together with soil deterioration and limited use of modern 

agricultural techniques. The chapter provides evidence that untargeted soil management 

practices produce insufficient results for specific soil health challenges because these 

techniques were used in a generic fashion. The evaluation examines how climate variability 

affects the nation by producing unpredictable rainfall and dry seasons that create additional 

challenges across the agricultural sector of Zimbabwe. Farmer soil testing abilities and absence 

of extension services create obstacles that prevent their effective improvement of soil fertility 

and their ability to make sound crop management choices. The investigation specifically 

intends to create an AI-based Decision Support System (AI-DSS) that addresses the particular 

farming requirements of Zimbabwean producers. The proposed AI-DSS solution serves as a 

pivotal tool to enhance farmer capabilities and boost soil quality and hence improve agricultural 

productivity and rural sustainability. 
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CHAPTER 2 

LITERATURE REVIEW 

2.1 Introduction 

 

The incorporation of AI technology has transformed into a leading method to enhance 

agricultural production levels. The agricultural sector in Zimbabwe has to deal with severe 

difficulties encompassing deteriorated soil quality along with unstable weather patterns and 

inadequate access to contemporary farming technology. The use of AI-driven solutions 

provides an effective solution to solve critical problems. The investigation of AI-based 

Decision Support Systems (AI-DSS) for optimizing soil health and crop management 

specifically for smallholder farmers in Zimbabwe constitutes the main focus of this chapter. 

The author constructs a structured review containing three main parts that analyse foundational 

principles of AI adoption in agriculture, global and regional case studies and their challenges 

and an illustration of AI technology's relationship to soil health and smallholder farming 

practices. Current research reveals important knowledge holes because few localized and cost-

effective artificial intelligence systems exist that match the economic standards of smallholder 

farmers in Zimbabwe. The development of an AI-DSS depends on addressing critical gaps 

which will enable effective enhancement of agricultural sector sustainability and productivity 

in Zimbabwe. 

 

2.2 Key Concepts in the context of the study 

This section defines and contextualizes the key concepts underpinning this research, providing 

clarity on their relevance to the development of an AI-driven Decision Support System (AI-

DSS) for optimizing soil analysis and crop management in Zimbabwe: 

 

a. AI-driven Decision Support System 

An AI-Driven Decision Support System (AI-DSS) is an advanced tool that leverages artificial 

intelligence to analyze diverse datasets and provide actionable insights for informed decision-

making in agriculture. For smallholder farmers in the Makonde District of Mashonaland West, 

Zimbabwe, the AI-DSS integrates real-time data on soil health, insect pest activity, crop disease 

incidence, weather patterns, and water availability to deliver tailored recommendations for 

maize and wheat cultivation (Kamilaris et al., 2021). By employing predictive algorithms, such 
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as Random Forest for pest detection and Long Short-Term Memory networks for yield 

forecasting, the system optimizes soil management, pest control, irrigation, and crop rotation 

practices (Mollel et al., 2025). This holistic approach empowers farmers to enhance 

productivity, reduce resource waste, and adapt to environmental challenges like erratic rainfall, 

contributing to sustainable farming and food security in resource-constrained settings (Mujeyi 

et al., 2021). 

 

b. Crop Management 

Crop management refers to the strategic planning and implementation of practices aimed at 

maximizing crop yield while ensuring sustainability. Effective crop management involves 

monitoring plant health, addressing nutrient deficiencies, managing pests and diseases and 

optimizing irrigation. The study emphasizes the role of AI-driven tools in providing real-time 

guidance on these aspects, helping farmers in Zimbabwe enhance productivity under resource 

constrained conditions. 

 

c. Machine learning  

Machine learning is a subset of artificial intelligence that involves training algorithms to 

identify patterns and make predictions from data. It plays a critical role in AI-DSS by analysing 

variables such as soil properties, weather patterns and historical crop data to provide 

customized recommendations. The application of machine learning in this study enables 

precise soil health diagnostics and tailored interventions for Zimbabwean smallholder farmers. 

 

d. Precision Farming 

Precision farming is an advanced agricultural approach that uses technology to optimize 

resource utilization and improve crop yields. It involves site-specific management practices 

based on data collected through sensors, drones, satellite imagery and AI systems. In the 

Zimbabwean context, precision farming techniques can help address soil degradation and 

enhance crop management by providing location specific recommendations tailored to the 

unique conditions of smallholder farms. 

 

e. Soil Analysis 

Soil analysis is the process of assessing soil properties such as pH, nutrient levels, moisture 

content and organic matter. These metrics are essential for determining soil fertility and 
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identifying corrective measures to improve productivity. Coupling soil analysis with AI 

technologies allows for more precise recommendations, ensuring smallholder farmers in 

Zimbabwe can implement effective soil reconditioning strategies. 

 

     f. Sustainable Agriculture 

Sustainable agriculture focuses on farming practices that meet current food needs without 

compromising the ability of future generations to meet theirs. It emphasizes soil health, 

resource conservation and resilience to climate change. AI-DSS contributes to sustainable 

agriculture by promoting efficient use of inputs, reducing environmental impact and fostering 

long-term productivity. In Zimbabwe, integrating AI technologies into sustainable agriculture 

practices is essential for reversing soil degradation and ensuring food security. 

 

     g. Zimbabwe 

Zimbabwe provides the geographical focus for this study, where agriculture remains the 

backbone of the economy and the livelihood of the majority of the population. The 

predominance of smallholder farmers, coupled with challenges such as soil degradation, erratic 

rainfall and limited access to modern technologies, underscores the need for innovative 

solutions like AI-DSS. Tailored interventions are crucial for addressing the specific challenges 

faced by smallholder farmers in Zimbabwe, ultimately contributing to improved agricultural 

productivity and rural development. 

 

2.2 Theoretical Review 

This study, focused on an AI-Driven Decision Support System (AI-DSS) for smallholder 

farmers in Zimbabwe’s Makonde District growing maize and wheat, is grounded in theories 

supporting soil analysis, crop management, and technology adoption. Soil Fertility Theory 

suggests crop yields depend on balanced soil nutrients like nitrogen, evolving from early 20th-

century soil science to integrated management (Vanlauwe et al., 2018). It guides AI-DSS soil 

recommendations but overlooks pests. Agronomic Efficiency Theory, from the 1960s Green 

Revolution, measures yield-to-input ratios, aiding AI-DSS optimization of fertilizer use, 

though it simplifies agroecosystems (Cassman, 1999). The Theory of Planned Behaviour 

(TPB) posits that farmers’ attitudes and norms drive AI-DSS adoption, evolving from 1980s 

behavioral models, but may miss external barriers (Ajzen, 1991). The Technology Acceptance 
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Model (TAM) emphasizes perceived usefulness and ease of use for AI-DSS acceptance, 

originating in information systems, yet overlooks digital literacy (Davis, 1989). Information 

Processing Theory, from 1950s cognitive psychology, views decision-making as data 

processing, underpinning AI-DSS’s real-time analysis of soil, pests, and weather, though it 

neglects cultural factors (Simon, 1979). These theories collectively inform sustainable farming 

practices in the Makonde District (Mujeyi et al., 2021).  

 

2.2.1 Soil Fertility Theory 

Soil Fertility Theory posits that crop productivity depends on maintaining an optimal balance 

of essential soil nutrients, such as nitrogen, phosphorus, and potassium, alongside factors like 

soil pH and organic matter, to support plant growth and maximize yields (Vanlauwe et al., 

2018). Pioneered by Justus von Liebig in the 1840s through his “Law of the Minimum,” which 

identified the most limiting nutrient as the key constraint on crop growth, the theory laid the 

foundation for modern soil science (Liebig, 1840). It evolved through 20th-century advances, 

integrating organic amendments like compost and microbial activity to address nutrient 

depletion and soil degradation, particularly in resource-constrained regions (Lal, 2019). In 

agriculture, the theory guides soil analysis to identify deficiencies and recommend corrective 

measures, such as targeted fertilization or liming, to enhance soil health and crop performance. 

Its strength lies in its evidence-based approach, directly linking nutrient availability to yields, 

making it critical for optimizing maize and wheat production among smallholder farmers in 

Zimbabwe’s Makonde District, where soil degradation affects over 50% of arable land due to 

nutrient depletion and erosion (Mujeyi et al., 2021). However, the theory’s focus on nutrients 

can overlook non-nutrient factors like pest pressure or climate variability, which are significant 

in semi-arid regions with erratic rainfall (Wossen et al., 2020). In this study, Soil Fertility 

Theory underpins the AI-Driven Decision Support System (AI-DSS) by guiding soil analysis 

to diagnose nutrient deficiencies and recommend precise interventions, such as applying 

nitrogen fertilizers or organic matter to improve maize and wheat yields. The AI-DSS addresses 

the limited access to soil testing in the Makonde District, where high costs and logistical 

barriers hinder traditional methods for smallholder farmers (Makate, 2019). Providing data-

driven insights, the system aligns with the theory’s emphasis on nutrient management, enabling 

farmers to combat soil degradation and enhance productivity in a context where unsustainable 

practices exacerbate nutrient loss. This approach supports sustainable farming practices, 
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contributing to food security and aligning with the study’s goal of improving agricultural 

outcomes in Zimbabwe’s resource-constrained settings. 

 

 

2.2.2 Agronomic Efficiency Theory 

Agronomic Efficiency Theory centers on optimizing the ratio of crop yield to agricultural 

inputs, including fertilizers, water, and labor, to enhance productivity while reducing 

environmental impact (Cassman, 1999). Originating during the 1960s Green Revolution, this 

framework emerged from collective agricultural advancements, notably Norman Borlaug’s 

development of high-yielding varieties, and progressed with precision agriculture techniques 

like soil testing and variable-rate irrigation (Pingali, 2012). Agronomic efficiency, calculated 

as yield per unit of input (e.g., kg grain/kg fertilizer), encourages precise resource use to support 

sustainability. In practice, the theory underpins targeted fertilization based on soil analysis, 

efficient irrigation guided by weather patterns, and crop rotation to boost soil health and curb 

nutrient leaching, aligning with global objectives such as SDG 2 (Zero Hunger) (United 

Nations, 2015). A key strength rests in its quantitative approach, allowing measurable 

improvements in resource use, yet it risks oversimplifying complex agroecosystems by 

focusing narrowly on input-output dynamics, potentially missing soil biology or climate 

influences (Wossen et al., 2020). For smallholder farmers in Zimbabwe’s Makonde District, 

where 70% lack reliable fertilizer access and erratic rainfall hampers maize and wheat yields, 

the theory shapes the AI-Driven Decision Support System (AI-DSS) to refine crop 

management strategies (Mujeyi et al., 2021). Through analysis of soil and weather data, the 

AI-DSS suggests tailored input applications, such as optimized fertilizer rates or irrigation 

plans, improving productivity while minimizing waste. This approach tackles soil degradation, 

a pressing issue due to unsustainable practices, and bolsters food security in resource-limited 

settings (Makate, 2019). Sustainable methods, including crop rotation with legumes for 

nitrogen fixation, reflect the theory’s emphasis on efficiency and environmental care. 

Overcoming traditional farming inefficiencies, where limited resources and climate variability 

often lead to poor outcomes, the AI-DSS empowers Makonde District farmers to achieve 

higher yields with reduced environmental harm. Consequently, Agronomic Efficiency Theory 

offers a solid foundation for the AI-DSS, promoting resilient agricultural systems tailored to 

Zimbabwe’s challenging context and supporting the study’s goal of enhancing crop 

productivity (Lal, 2019). 
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Figure 2. 1 Agronomic Efficiency Optimization Process (Makate, 2019) 

Figure 2.1 outlines a flowchart illustrating the application of Agronomic Efficiency Theory in 

the Makonde District, detailing the process from soil and weather data collection to AI-DSS 

recommendations for optimized fertilizer and irrigation use, culminating in enhanced maize 

and wheat yields. This visual, as supported by Makate, (2019), underscores the theory’s focus 

on efficient resource allocation, guiding sustainable farming practices 
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2.2.3 Theory of Planned Behaviour (TPB)  

The Theory of Planned Behaviour (TPB), initially proposed by Ajzen (1985), posits that 

individuals’ behaviours stem from intentions, influenced by three constructs: attitudes toward 

the behaviour, subjective norms, and perceived behavioural control. Originating from the 1985 

work From Intentions to Actions, TPB evolved from the Theory of Reasoned Action, 

expanding to include perceived control over actions, and later adapted to agricultural contexts 

through studies on technology adoption (Ajzen, 1991). Attitudes reflect evaluations of 

outcomes, such as yield improvements; subjective norms capture social pressures from peers 

or community; and perceived behavioural control assesses resource availability or skills. 

Synthesized literature, including Adenuga et al. (2022), highlights TPB’s utility in explaining 

farmers’ adoption of innovations, particularly in Sub-Saharan Africa where social dynamics 

and constraints shape decisions. A strength lies in its predictive power for behavioural change, 

supported by empirical evidence across agricultural settings (Kamau et al., 2021), yet it may 

undervalue external barriers like policy or infrastructure, limiting its scope in resource-scarce 

environments. In this study, TPB frames the adoption of the AI-Driven Decision Support 

System (AI-DSS) by smallholder farmers in Zimbabwe’s Makonde District, growing maize 

and wheat. Attitudes foster acceptance when farmers perceive AI-DSS recommendations, such 

as sustainable practices, as beneficial, drawing from studies showing yield enhancements 

(Ayanlade et al., 2020). Subjective norms encourage uptake through community influence, a 

key factor in collective farming cultures, while perceived behavioural control improves with 

accessible tools addressing resource limits, like offline guidance. Synthesized research 

indicates TPB effectively models these dynamics, guiding the AI-DSS to tailor 

recommendations to psychological and social factors, enhancing adoption amid limited 

extension services (Mafirakurewa et al. 2023). This approach supports the study’s aim to boost 

productivity and sustainability, aligning TPB with the Makonde District’s agricultural 

challenges. 
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Figure 2. 2 TPB Framework for AI-DSS Adoption (Kamau et al., 2021) 

Figure2.2 depicts a flowchart of the Theory of Planned Behaviour (TPB) applied to AI-DSS 

adoption in the Makonde District, illustrating how attitudes, subjective norms, and perceived 

behavioural control shape farmers’ intentions to use recommendations, leading to enhanced 

maize and wheat yields. This model, supported by Ajzen (1991), underscores TPB’s relevance 

to sustainable farming practices. 

2.2.4 Technology Acceptance Model (TAM) 

  

The Technology Acceptance Model (TAM), originally proposed by Davis (1989), explains 

user acceptance of new technologies through two primary constructs: perceived usefulness and 

perceived ease of use. Perceived usefulness refers to the degree to which users believe a 

technology will enhance their performance, while perceived ease of use reflects the extent to 

which they find the technology effortless to use (Davis, 1989). Recent studies have applied 

TAM to assess the adoption of AI-based systems in agriculture, particularly in developing 
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regions where farmers face technological and socioeconomic barriers (Kamilaris et al., 2021). 

For instance, research in Sub-Saharan Africa has shown that perceived ease of use is critical 

for technology adoption among smallholder farmers, who often lack digital literacy and access 

to training (Adenuga et al., 2020). TAM also considers external factors, such as accessibility, 

cultural context, and infrastructure, which influence these perceptions, making it highly 

relevant for resource-constrained environments (Nsanzugwanko et al., 2019). 

 

In this study, TAM provides a theoretical foundation for designing and implementing the AI-

DSS to ensure its acceptance and usability among smallholder farmers in Zimbabwe. The 

system is engineered to be perceived as useful by delivering high-accuracy recommendations 

that directly improve farmers’ performance, such as soil diagnostics with 93% accuracy and 

yield forecasting with 88% accuracy using LSTM models (Magaya, Kiwa, Hapanyengwi & 

Murungweni, 2024). These recommendations lead to tangible outcomes, including a 19% 

increase in maize yields (to 0.95 t/ha), an 18% increase in wheat yields, and a 15% reduction 

in fertilizer costs (Ayanlade et al., 2020). The system also provides an offline mode to 

accommodate the 25% of farmers with unreliable internet connectivity and includes voice 

alerts to address the 10% illiteracy rate, ensuring accessibility for users with limited 

technological exposure. Furthermore, the AI-DSS incorporates simple visual interfaces, such 

as charts and heat-maps, to present data in an intuitive format, addressing the 15% of farmers 

who struggled with complex visuals (Ayanlade et al., 2020). Aligning with TAM, the AI-DSS 

ensures that smallholder farmers can readily adopt AI-driven solutions, bridging the digital 

divide in Zimbabwean agriculture and empowering farmers to improve soil management and 

crop productivity despite socioeconomic challenges like limited training and infrastructure. 
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Figure 2. 3 TAM Model for AI-DSS Acceptance (Nsanzugwanko et al., 2019) 

Figure 2.3: TAM Model for AI-DSS Acceptance (Nsanzugwanko et al., 2019) presents a 

diagram illustrating how perceived usefulness and ease of use drive smallholder farmers’ 

acceptance of the AI-DSS in the Makonde District. The model, supported by Davis (1989), 

highlights the pathway from these perceptions to adoption of maize and wheat management 

practices, aligning with the study’s focus on enhancing technology uptake 

 

2.2.5 Information Processing Theory  

Information Processing Theory, originating in cognitive psychology, models how individuals 

acquire, process, and use information through stages of attention, perception, memory, and 

problem-solving to make decisions (Miller, 1956). Introduced with Miller’s concept of 

cognitive capacity limits (the “magical number seven”), the theory evolved in the 1970s and 

1980s to address complex decision-making, later adapting to technological contexts like 

agriculture where synthesized studies highlight the need for simplified, actionable data 

(Fountas et al., 2015). The theory posits that effective decisions require organized information 

to avoid cognitive overload, a principle extended to farming where timely, filtered data 

supports strategic choices amid resource constraints (Gbegbelegbe et al., 2021). Its strength 
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lies in explaining how structured information enhances decision quality, supported by research 

on data-driven agriculture (Mungai et al., 2022), though it may overlook emotional or cultural 

influences that shape farmers’ preferences. In this study, Information Processing Theory guides 

the AI-Driven Decision Support System (AI-DSS) design for smallholder farmers in 

Zimbabwe’s Makonde District, growing maize and wheat. The theory informs the system’s 

role in processing environmental data into concise recommendations, reducing cognitive load 

and enabling timely soil and crop management decisions despite limited extension services. 

Synthesized literature underscores the theory’s relevance, showing that accessible, relevant 

information improves adoption in resource-scarce settings (Ayanlade et al., 2020). Addressing 

climate variability and inadequate traditional methods, the AI-DSS aligns with the theory by 

delivering simplified insights, enhancing productivity and sustainability. This framework 

supports the study’s goal of empowering farmers with efficient decision-making tools tailored 

to their context. 

. 

 

Figure 2. 4 Information Processing Stages in AI-DSS (Mungai et al., 2022) 

 Figure 2.4: Information Processing Stages in AI-DSS (Mungai et al., 2022) presents a 

flowchart depicting the cognitive stages attention, perception, memory, and problem-solving 

through which the AI-DSS processes soil and weather data into actionable recommendations 

for Makonde District farmers. This model, rooted in Miller (1956), highlights the theory’s role 

in simplifying decision-making, enhancing maize and wheat management. 
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2.3 Related Work 

2.3.1 Artificial Intelligence in Agriculture 

AI has emerged as a transformative tool in modern agriculture, offering the potential to 

revolutionize decision-making processes, enhance efficiency and significantly improve crop 

yields. The diverse applications of AI in agriculture include machine learning algorithms for 

predictive analytics, image recognition technology for disease detection and DSS that provide 

farmers with actionable insights tailored to their specific needs (Fountas et al., 2015). Key AI 

technologies such as supervised learning, neural networks and deep learning models have 

become integral in areas like precision farming, soil health analysis and crop management 

(Zhang et al., 2017). 

 

Figure 2. 5 AI-DSS Workflow in Agriculture (Zhang et al., 2017) 

These models are capable of processing vast amounts of data including weather forecasts, soil 

health metrics and historical crop performance data to generate precise predictions and 

recommendations, thereby optimizing agricultural practices as shown in Figure 2.5. Globally, 

AI has proven its efficacy in improving agricultural productivity and sustainability. For 

instance, in the United States, advanced AI technologies are integrated into platforms like John 

Deere’s "See & Spray" system. This system uses AI to identify and selectively target weeds, 

significantly reducing the amount of herbicide used while enhancing crop yields (USDA, 

2022). In China, AI-driven systems have been deployed to monitor crop growth using satellite 

data and drones, enabling precision interventions based on real-time information (Liu et al., 

2021). 
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Figure 2. 6 Figure 2.6: Global AI in Agriculture Map (Liu et al., 2021) 

 

These innovations allow farmers to make more informed decisions, minimize input waste and 

improve overall efficiency. Most of these advanced AI applications are tailored to largescale 

commercial farming operations as shown in Figure 2.3.1.2, leaving smallholder farmers, 

especially in developing countries, at a disadvantage. In developing regions like Sub-Saharan 

Africa, where smallholder farmers make up the majority of the agricultural players, the 

integration of AI remains limited. While AI has demonstrated great potential in commercial 

agriculture, its adoption by small holder farmers has been hindered by factors such as lack of 

access to technology, insufficient digital literacy and inadequate infrastructure (Bationo et al., 

2018). Many of the existing AI-DSS platforms are designed for commercial scale operations 

and are not optimized for the specific challenges faced by smallholder farmers in countries like 

Zimbabwe. These farmers often contend with degraded soils, erratic weather patterns and 

limited access to agricultural inputs, all of which are compounded by a lack of reliable 

extension services. 

 

Smallholder farmers, unlike their large-scale commercial counterparts, require AI solutions 

that are cost-effective, accessible, and tailored to their unique conditions. In Zimbabwe’s 
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Makonde District, where smallholders cultivate maize and wheat on limited land, soil 

management techniques differ significantly from the expansive farms in the USA or China, 

necessitating precision approaches suited to small plots (Mujeyi et al., 2021). Socioeconomic 

challenges and low digital infrastructure in developing countries pose substantial barriers to AI 

adoption, with only 25% of rural Zimbabweans having reliable internet access (Ayanlade et 

al., 2020). Existing AI-driven solutions often assume technological sophistication and data 

access unfeasible for these farmers, as noted in studies highlighting the urban-rural digital 

divide (Makate, 2019). Meanwhile, research and technological advancements have 

predominantly enhanced efficiency in large commercial farms, with innovations like precision 

agriculture widely adopted in developed nations (Pingali, 2012). This focus leaves smallholder 

farmers with minimal access to such tools, exacerbating the adoption gap. Evidence from Sub-

Saharan Africa shows AI integration in agriculture remains skewed toward large-scale 

operations, neglecting the 70% of farmers who are smallholders (Gbegbelegbe et al., 2021). 

Addressing this disparity is vital for improving food security and productivity in regions like 

Zimbabwe, where smallholder farming underpins rural livelihoods and contributes over 60% 

to agricultural output (Mafirakurewa et al. 2023). The AI-DSS in this study aims to bridge this 

gap by delivering affordable, localized recommendations, aligning with the need for inclusive 

agricultural innovation. 

 

2.3.2 Soil Health Management and Crop Productivity 

Maintaining soil health is essential for ensuring sustainable agricultural practices and achieving 

long-term productivity. Research emphasizes that degraded soils suffering from nutrient 

depletion, erosion and poor structure significantly limit crop growth and reduce agricultural 

yields (Montanarella et al., 2020). Implementing effective soil management techniques, such 

as organic amendments, crop rotation and conservation tillage, has been shown to restore soil 

fertility and enhance productivity in agricultural systems (Brady & Weil, 2016; Lal, 2019). 
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Figure 2. 7 Factors Influencing Soil Health and Crop Productivity (Brady & Weil, 2016; 

Lal, 2019) 

 

In Zimbabwe, where smallholder farmers largely depend on traditional farming methods, 

focusing on improving soil health is of particular importance, as many of these conventional 

practices do not address the issues of soil degradation and declining fertility adequately. 

Healthy soils form the backbone of sustainable farming, providing critical nutrients, supporting 

water retention and fostering the overall growth of crops (Lal, 2019). Yet, the degradation of 

soil resources driven by unsustainable farming methods, deforestation and over cultivation 

poses a serious threat to agriculture globally, with Sub-Saharan Africa being especially 

vulnerable (Montanarella et al., 2020). Degraded soils lose their ability to retain nutrients and 

moisture, severely compromising farmers' ability to achieve optimal yields and putting food 

security at risk. In Zimbabwe, smallholder farmers are particularly susceptible to the effects of 

declining soil health. Recent studies indicate that over 50% of Zimbabwe's arable land has 

experienced severe degradation (Ayanlade et al., 2020), which continues to undermine 

productivity across smallholder farms (ZimStat, 2019). Contributing factors include the 

overuse of chemical fertilizers, the prevalence of monoculture systems and the absence of 

effective soil reconditioning strategies. These issues lead to poor soil structure, reduced fertility 

and lower crop yields (Mafirakurewa et al. 2023). Proven solutions such as soil testing, organic 
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amendments, crop rotation and conservation tillage offer the potential to restore soil health and 

improve agricultural productivity (Brady & Weil, 2016). Yet, these solutions remain largely 

inaccessible to smallholder farmers in Zimbabwe due to a lack of affordable soil analysis tools 

and limited knowledge of modern soil management techniques. 

 

Smallholder farmers, unlike their large-scale commercial counterparts, require AI solutions 

that are cost-effective, accessible, and tailored to their unique conditions. In Zimbabwe’s 

Makonde District, where smallholders cultivate maize and wheat on limited land, soil 

management techniques differ significantly from the expansive farms in the USA or China, 

necessitating precision approaches suited to small plots (Mujeyi et al., 2021). Socioeconomic 

challenges and low digital infrastructure in developing countries pose substantial barriers to AI 

adoption, with only 25% of rural Zimbabweans having reliable internet access (Ayanlade et 

al., 2020). Existing AI-driven solutions often assume technological sophistication and data 

access unfeasible for these farmers, as noted in studies highlighting the urban-rural digital 

divide (Makate, 2019). Meanwhile, research and technological advancements have 

predominantly enhanced efficiency in large commercial farms, with innovations like precision 

agriculture widely adopted in developed nations (Pingali, 2012). This focus leaves smallholder 

farmers with minimal access to such tools, exacerbating the adoption gap. Evidence from Sub-

Saharan Africa shows AI integration in agriculture remains skewed toward large-scale 

operations, neglecting the 70% of farmers who are smallholders (Gbegbelegbe et al., 2021). 

Addressing this disparity is vital for improving food security and productivity in regions like 

Zimbabwe, where smallholder farming underpins rural livelihoods and contributes over 60% 

to agricultural output (Mafirakurewa et al. 2023). The AI-DSS in this study aims to bridge this 

gap by delivering affordable, localized recommendations, aligning with the need for inclusive 

agricultural innovation. 
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Figure 2. 8 Land Degradation in Sub-Saharan Africa (Montanarella et al., 2020) 

 

2.3.3 Challenges for SmallholderSmallholder Farmers 

Smallholder farmers in Zimbabwe’s Makonde District, crucial to the nation’s agricultural 

output, face significant barriers that hinder maize and wheat productivity, as illustrated in 

Figure 2.3.3.1: Challenges Faced by Smallholder Farmers (Mafirakurewa et al. 2023). Limited 

access to modern technologies, such as soil analysis tools, restricts effective soil health 

management, with high costs preventing 70% of farmers from assessing soil fertility 

(Mafirakurewa et al. 2023). Inadequate extension services, available to only 10% of farmers, 

force reliance on outdated traditional methods ill-suited to current environmental conditions, 

reducing yields of staple crops vital for food security (FAO, 2020). Climate variability, 

including erratic rainfall averaging 600–800 mm annually and prolonged droughts, disrupts 

farming cycles, complicating crop planning without predictive tools or real-time data (Mujeyi 

et al., 2021). Figure 2.9, a diagram summarizing these challenges technology access, extension 

deficits, and climate impacts underscores their role in driving low productivity and food 

insecurity (Mafirakurewa et al. 2023). The AI-Driven Decision Support System (AI-DSS) 

addresses these barriers by delivering affordable, localized recommendations for soil 

management and crop planning, fostering sustainable farming practices in resource-constrained 

settings (Makate, 2019).  
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Figure 2. 9 Challenges Faced by Smallholder Farmers (Mafirakurewa et al. 2023) 

Another key challenge is the lack of adequate extension services. Smallholder farmers often do 

not receive the technical support and guidance needed to adopt sustainable farming practices. 

As a result, they continue to rely on traditional methods that are often outdated and ill-suited 

to current environmental conditions (FAO, 2020). This reliance on less effective farming 

practices contributes to low productivity, particularly in critical staple crops such as maize and 

wheat, which are vital for food security in Zimbabwe. Climate variability has added another 

layer of complexity to these challenges. Erratic rainfall patterns, prolonged droughts and rising 

temperatures have disrupted traditional farming cycles, making it increasingly difficult for 

farmers to plan and manage their agricultural activities (ZimStat, 2020). Without access to 

predictive tools or real-time data on weather and soil conditions, smallholder farmers struggle 

to make informed decisions about crop selection, planting schedules and soil reconditioning 

practices. This has further compounded the issue of declining yields and food insecurity in rural 

areas. 

Smallholder farmers in Zimbabwe’s Makonde District, a cornerstone of the nation’s 

agricultural output, confront significant barriers to maize and wheat productivity. Limited 

access to modern technologies, such as soil analysis tools, restricts effective soil health 

management, with costs averaging US$50 per test rendering them unaffordable for 70% of 

farmers (Mafirakurewa et al. 2023). Inadequate extension services, reaching only 10% of 

farmers, perpetuate reliance on outdated traditional methods ill-suited to current environmental 

conditions, undermining yields (FAO, 2020). Climate variability further complicates matters, 

with erratic rainfall (600–800 mm annually) and prolonged droughts disrupting farming cycles, 

making crop planning challenging without predictive tools (ZimStat, 2020). These 

interconnected issues technology deficits, extension gaps, and climate impacts drive low 
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productivity and exacerbate food insecurity, particularly in resource-constrained rural areas 

(Mujeyi et al., 2021). The lack of affordable, accessible tools tailored to smallholder needs 

highlights a persistent challenge that demands innovative solutions. 

Despite global advancements in agricultural technologies, smallholder farmers in Zimbabwe 

have not fully benefited due to the absence of tailored, cost-effective tools. The lack of a 

reliable, real-time decision support system integrating soil health, weather, and crop 

performance data represents a critical research gap, limiting farmers’ ability to optimize 

practices (Makate, 2019). Studies indicate that AI-DSS can transform agriculture by delivering 

localized recommendations, yet research has predominantly focused on large-scale farms, 

neglecting smallholders who constitute 70% of Africa’s farming population (Gbegbelegbe et 

al., 2021). This disparity underscores the need for inclusive innovation, as current systems 

assume technological sophistication unavailable in Zimbabwe (Ayanlade et al., 2020). This 

study addresses this gap by developing an AI-DSS to empower Makonde District farmers with 

actionable insights, enhancing soil management and crop yields sustainably, thereby improving 

food security and rural livelihoods. 

  

Figure 2. 10 Barriers to Adoption for Smallholder Farmers (Keating et al., 2003) 

2.3.4 Existing AI-driven Decision Support Systems in Agriculture 

Decision Support Systems have transformed agricultural practices by enabling data-driven 

decision-making, evolving with the integration of Artificial Intelligence (AI) into AI-DSS. 
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These systems leverage machine learning algorithms, predictive analytics, and extensive 

datasets including soil metrics, weather patterns, and crop performance to deliver tailored 

recommendations that enhance productivity and resource efficiency (Fountas et al., 2015). 

Globally, AI-DSS platforms have demonstrated significant potential, improving outcomes in 

various regions. For instance, the Agricultural Production Systems sIMulator (APSIM), widely 

used in Australia, integrates soil health, climate, and management data to optimize crop yields 

through recommendations on crop rotations, nutrient management, and irrigation, balancing 

productivity with sustainability (Keating et al., 2003). Similarly, the Crop Growth Monitoring 

System (CGMS) in Europe analyzes satellite data and weather forecasts to support crop 

management decisions, reducing risks for farmers (Boogaard et al., 2013). In developing 

contexts, the Digital Green platform in India uses AI to provide localized advice to smallholder 

farmers, though scalability remains limited by data access (Cole & Fernando, 2012). Despite 

these advancements, many AI-DSS assume robust infrastructure, which poses challenges for 

smallholder farmers in Zimbabwe’s Makonde District, where real-time data on soil and weather 

is scarce (Ayanlade et al., 2020). The success of these systems hinges on high-quality, 

accessible data, a gap this study addresses by developing an AI-DSS tailored to resource-

constrained settings, enhancing maize and wheat management. 
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Figure 2. 11 Comparative Analysis of AI-DSS Platforms (Keating et al., 2003) 

 

DSS have revolutionized agriculture by leveraging Artificial Intelligence (AI) to enable data-

driven decisions, integrating machine learning, predictive analytics, and diverse data streams 

like soil metrics and weather patterns (Fountas et al., 2015). The USDA’s Soil Health 

Management System in the USA exemplifies this, offering practical guidelines on cover 

cropping, conservation tillage, and nutrient management to enhance soil fertility and crop 

yields through AI-driven soil data analysis, promoting sustainability (USDA, 2022). Similarly, 

the DSSAT, widely applied in Ethiopia, optimizes soil and crop management by incorporating 

localized climate, soil, and crop performance data, improving yields and resource efficiency 

for staple crops (Jones et al., 2003). These platforms demonstrate AI-DSS potential, yet they 

are primarily designed for large-scale operations, requiring substantial technological 

infrastructure. 

For smallholder farmers in Zimbabwe’s Makonde District, such systems pose challenges. 

Degraded soil health, limited access to modern technologies, and financial constraints hinder 

adoption, as platforms like DSSAT and APSIM demand resources unavailable to these farmers 

(Kansiime et al., 2022). The reliance on advanced digital infrastructure and high 

implementation costs further limits applicability, given smaller landholdings and lack of 

extension services (Makate, 2019). While global AI-DSS success is evident, their optimization 

for resource-constrained settings like Zimbabwe remains underexplored, highlighting a need 

for tailored solutions. The focus on large-scale contexts underscores a gap in addressing 

smallholder-specific socioeconomic and environmental realities, such as manual labor reliance 

and low-cost input needs, which differ significantly from commercial farming models. 

 

2.4 Empirical Review 

The integration of Artificial Intelligence in agriculture has transformed farming practices, 

particularly in developed countries, enhancing efficiency and productivity. AI-driven Decision 

Support Systems , such as the USDA’s Soil Health Management System and Australia’s Yield 

Prophet Tool, deliver precise, data-driven recommendations on resource allocation, crop 

yields, and profitability by processing soil health, weather, and historical crop data (USDA, 

2022; Hochman et al., 2009). These systems promote sustainability through optimized fertilizer 
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use and reduced environmental impacts, as demonstrated in various studies (Basso & Antle, 

2020; Van Ittersum et al., 2018). However, this progress underscores a technological divide, 

with precision agriculture tools like satellite remote sensing and AI drones requiring 

infrastructure unaffordable for smallholders (Kamilaris et al., 2018; Lambin et al., 2018). In 

developing nations, adaptability to diverse agroecological zones remains a gap, as AI-DSS rely 

on robust data ecosystems often absent in Sub-Saharan Africa (van der Linden et al., 2020; 

Thiault et al., 2020). Figure 2.3.4.2: Transforming Agricultural Data into Actionable Insights 

(Kansiime et al., 2022) illustrates a flowchart of AI-DSS data processing into 

recommendations, highlighting its potential despite infrastructure limitations in regions like 

Zimbabwe’s Makonde District. 

Smallholder farmers in Zimbabwe, contributing over 70% to agricultural output, face soil 

degradation from nutrient depletion and erosion, worsened by traditional practices insufficient 

for modern needs (ZimStat, 2020; ; Mupangwa & Twomlow, 2019). AI-DSS offers potential 

for tailored soil and crop management, with evidence from East Africa and India showing yield 

gains through localized adaptations (Kamilaris et al., 2020; Kumar et al., 2020). Yet, adoption 

is hindered by high technology costs, poor infrastructure, and low digital literacy (Nyamangara 

et al., 2018; Murwira et al., 2018; Tambo & Mockshell, 2018). Mobile technology, widely 

adopted in rural areas, provides a dissemination channel, with platforms enhancing pest 

management and soil health education (Hapanyengwi et al., 2018; Kamau et al., 2021; Mungai 

et al., 2022). However, incomplete localized data and training gaps reduce trust in AI tools 

(Rosenstock et al., 2020; Wossen et al., 2020). Participatory, user-friendly designs leveraging 

mobile platforms could address these barriers, though infrastructure deficits and data scarcity 

persist as key constraints (Nsanzugwanko et al., 2019; Adenuga et al., 2022).. 

 

2.5 Comparative Studies 

This section provides an in-depth review of related studies focusing on the application of AI-

DSS in agriculture. The analysis spans global, regional, and local contexts to highlight lessons 

learned, challenges identified, and opportunities for implementing an AI-DSS tailored to 

Zimbabwe’s agricultural landscape. 

2.5.1 Advances in AI for Agriculture 

Globally, AI technologies have become central to the transformation of agricultural systems, 

especially in addressing challenges related to efficiency, sustainability, and productivity. For 
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example, in the United States, John Deere’s "See & Spray" technology uses machine learning 

and computer vision to differentiate between weeds and crops, significantly reducing herbicide 

usage by over 90% (USDA, 2022). Similarly, AI-powered platforms like IBM’s Watson 

Decision Platform for Agriculture leverage weather data, satellite imagery, and soil metrics to 

provide farmers with actionable insights for optimizing planting schedules, irrigation, and pest 

control (Lal, 2019). In Europe, precision farming technologies have also taken centre stage. 

The Netherlands has been a leader in AI-driven agriculture, utilizing technologies such as 

autonomous tractors, robotic weeders and AI-based greenhouses. These innovations contribute 

to increased productivity while minimizing environmental impacts (Kamilaris et al., 2018). 

However, these advanced systems often cater to well-funded, largescale commercial farms, and 

their applicability in resource-constrained environments, such as Zimbabwe, remains limited. 

China has also embraced AI for largescale agricultural transformation. The use of drone-based 

precision farming and AI-powered soil sensors has enabled Chinese farmers to increase 

efficiency in managing fertilizers and irrigation, addressing food security challenges in a 

country with a large population (Zhang et al., 2017). Despite these successes, the high cost of 

these technologies poses challenges for their deployment in smallholder farming systems 

globally. These global advances demonstrate the potential of AI in agriculture. However, for 

countries like Zimbabwe, adapting these technologies requires localization, cost reduction, and 

accessibility enhancements to meet the unique needs of smallholder farmers. 

 

2.5.2 Sub-Saharan Africa 

Sub-Saharan Africa faces critical challenges in agricultural productivity, including degraded 

soils, erratic weather patterns, and limited access to farming technologies. Studies highlight the 

importance of affordable, context specific AI solutions in addressing these challenges. For 

example, the Agricultural Production Systems Simulator (APSIM) in Kenya provides real-time 

data on soil and climate conditions, enabling farmers to make better decisions on crop planting 

and resource allocation (Kamilaris et al., 2020). This system has been credited with improving 

yields and resource efficiency among smallholder farmers. In Ethiopia, (DSSAT) has been 

utilized to improve soil health and crop management. By integrating soil fertility data and 

predictive analytics, DSSAT provides tailored recommendations for fertilizer application and 

crop selection, resulting in increased yields by up to 25% (Jones et al., 2003). While these 

systems demonstrate the potential of AI in Sub-Saharan Africa, their scalability remains a 

challenge. Access to high-quality data, such as detailed soil maps and weather forecasts, is 
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often limited in rural areas. Infrastructural challenges such as unreliable internet and electricity 

hinder the consistent use of AI tools (Rosenstock et al., 2020). Regional studies also emphasize 

the role of mobile technologies in bridging the gap between farmers and AI-driven insights. 

For instance, platforms like iCow in Kenya and Esoko in Ghana provide smallholder farmers 

with SMS based recommendations on soil management, pest control, and market prices 

(Mungai et al., 2022). These low-cost solutions demonstrate the potential of leveraging mobile 

technology to expand access to AI tools in resource-constrained environments. 

 

2.5.3 Zimbabwe 

Research shows over 50% of Zimbabwe’s arable land is degraded, reducing maize and wheat 

productivity, a critical issue for smallholder farmers in the Makonde District (). Studies 

highlight technology integration, like conservation agriculture, improving soil health through 

minimal disturbance and organic cover, yet affordable soil testing and real-time data systems 

remain scarce, limiting adoption (FAO, 2020; Digitalisation in agriculture, 2024). The potential 

of AI in Zimbabwe is largely untapped, with studies emphasizing user-friendly, cost-effective 

AI-DSS integrating soil monitoring and predictive analytics (Bationo et al., 2018; Is Artificial 

Intelligence the future of farming, 2025). Local initiatives, such as precision farming in 

Mashonaland West, show promise, but financial and infrastructural constraints hinder 

scalability (World Bank, 2019). 

Comparatively, developed countries like the U.S. and Australia leverage AI-DSS, such as the 

USDA’s Soil Health Management System and Yield Prophet Tool, for precision farming, 

relying on advanced technologies like satellite remote sensing and drones, supported by robust 

data ecosystems (Digital solutions in agriculture, 2024; Who drives the digital revolution in 

agriculture, 2021). These systems enhance efficiency, yet their high costs and infrastructure 

needs are infeasible for Zimbabwean smallholders, where limited internet access and digital 

literacy pose barriers (Artificial intelligence-based decision support systems, 2022). 

This disparity underscores the need for tailored solutions, addressing soil degradation and 

productivity losses by adapting global AI advancements to local socioeconomic realities, 

ensuring affordability and accessibility for smallholder farmers. 

 

2.5.4 Research Gaps 

While significant advancements have been made globally in AI-driven agriculture, several 

critical research gaps persist in the context of Zimbabwe, particularly for smallholder farmers. 
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Firstly, existing AI systems are predominantly designed for large-scale commercial farming, 

failing to address the unique challenges faced by smallholder farmers, such as limited 

resources, infrastructure constraints, and specific agroecological conditions. This lack of 

localization hinders the effective application of AI technologies in Zimbabwe, where farming 

practices and needs differ significantly from those in developed countries (; Digitalisation in 

agriculture, 2024). 

Secondly, the high costs and technical complexity of current AI tools pose significant barriers 

to adoption among smallholder farmers, who often lack the financial means and digital literacy 

to utilize these technologies. Developing low-cost, user-friendly solutions is crucial for 

widespread adoption and to ensure that AI benefits reach those who need it most (FAO, 2020; 

Is Artificial Intelligence the future of farming, 2025). 

Thirdly, the absence of robust data infrastructure in Zimbabwe limits the effectiveness of AI 

systems. Detailed and real-time data on soil health, climate, and crop performance are essential 

for AI-DSS to provide accurate and actionable recommendations. However, many smallholder 

farmers lack access to such data, which is often incomplete or outdated, further exacerbating 

the challenges they face (Bationo et al., 2018; Digital solutions in agriculture, 2025). 

Lastly, low levels of digital literacy and limited exposure to AI technologies among 

smallholder farmers reduce their likelihood of adopting these tools. Educational programs and 

participatory approaches are necessary to build trust, understanding, and capacity among 

farmers, enabling them to effectively use AI-DSS in their agricultural practices (World Bank, 

2019; Who drives the digital revolution in agriculture, 2021). 

Addressing these gaps is critical for leveraging AI to improve soil health and crop productivity 

in Zimbabwe. This study aims to bridge these gaps by developing an AI-DSS tailored to the 

specific needs of Zimbabwean smallholder farmers, with an emphasis on affordability, 

localization, and scalability, thereby empowering them with data-driven insights to foster 

climate resilience and food security. 

 

2.6 Conceptual Framework 

The conceptual framework for this study integrates critical themes related to soil health 

management, AI-DSS, and socioeconomic factors influencing smallholder farming practices. 

It posits that targeted improvements in soil health, facilitated by the application of AI-DSS, can 

lead to significant enhancements in agricultural productivity, ultimately transforming the 
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livelihoods of smallholder farmers in Zimbabwe. This framework is built around three 

interconnected components: AI-driven soil analysis, decision support systems, and the 

practices of smallholder farmers. These components work in synergy to create a comprehensive 

structure that empowers farmers with actionable, data driven insights to optimize their 

agricultural activities while addressing broader challenges such as food security and 

environmental sustainability. 

 

AI-driven soil analysis forms the foundation of this framework by providing precise and real-

time diagnostics of soil properties, including nutrient levels, pH, organic matter, and moisture 

content. The ability of AI technologies to process large and complex datasets enables the 

identification of specific deficiencies and the development of tailored recommendations for 

soil reconditioning (Zhang et al., 2017). Unlike conventional soil testing methods that are often 

costly and time-consuming, AI-driven analysis offers a more accessible and scalable alternative 

for smallholder farmers. Predictive analytics further enhances the decision-making process, 

allowing farmers to simulate the outcomes of various soil management strategies and adopt the 

most effective interventions. This is especially critical in Zimbabwe, where soil degradation 

has been a persistent issue, with over 50% of arable land affected by nutrient depletion and 

erosion (Mafirakurewa et al. 2023). The integration of AI in soil analysis represents a 

transformative opportunity to restore soil fertility and increase crop yields sustainably. 

 

At the core of this framework lies the decision support system, which synthesizes data from 

multiple sources such as soil analysis results, weather forecasts, and crop performance metrics 

to provide real-time, context specific recommendations. These systems use advanced AI 

algorithms, including machine learning models, to deliver actionable insights on key farming 

decisions such as fertilizer application, irrigation scheduling, pest management, and crop 

selection (Fountas et al., 2015). Unlike traditional decision-making processes that often rely on 

general practices or trial and error approaches, AI-DSS ensures accuracy and efficiency by 

tailoring advice to the specific conditions of each farm. The iterative nature of these systems 

creates a feedback loop, where data from implemented recommendations is analysed to refine 

future advice. For example, if a soil amendment results in improved yields, the system can 

update its models to optimize future fertilizer recommendations. This adaptive capability aligns 

with the principles of precision agriculture, which emphasize site-specific management to 

enhance resource efficiency and environmental conservation (Basso & Antle, 2020). 
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The framework also places a strong emphasis on the role of smallholder farmer practices, 

recognizing that their active participation is essential for achieving meaningful agricultural 

transformation. Smallholder farmers in Zimbabwe often face significant resource constraints 

and rely heavily on traditional farming methods that may not adequately address modern 

agricultural challenges. The integration of AI-DSS into their practices provides a bridge 

between traditional knowledge and contemporary technological advancements. However, the 

successful adoption of these systems requires more than just technological solutions. It 

necessitates participatory approaches that involve farmers in the design, testing, and 

implementation of AI-DSS to ensure that the technology is user-friendly, culturally relevant, 

and aligned with their specific needs (Chambers & Conway, 1992). Training programs and 

capacity building initiatives are critical in addressing barriers such as low levels of digital 

literacy and limited exposure to technology. These efforts help to build farmers’ confidence in 

using AI tools while fostering a sense of ownership and trust in the system (Rogers, 2003). 

 

The dynamic interplay between these components is a defining feature of the conceptual 

framework. AI-driven soil analysis and decision support systems do not operate in isolation 

but interact continuously with the practices and experiences of smallholder farmers. This 

interplay creates a feedback loop that supports adaptive farming strategies. For instance, the 

integration of weather data with historical crop performance analytics allows the system to 

anticipate and mitigate the impacts of climate variability, such as delayed rains or prolonged 

droughts, enabling farmers to make proactive adjustments to their planting schedules and 

resource management practices (Kansiime et al., 2022). This adaptability is particularly critical 

in Zimbabwe, where unpredictable weather patterns have compounded the challenges faced by 

smallholder farmers.  Equipping farmers with real-time insights and continuous learning 

mechanisms, the framework ensures that they are better prepared to navigate current and future 

uncertainties in their farming systems. 

 

Despite its potential, the application of AI-DSS in Zimbabwe faces several challenges that must 

be addressed to ensure its success. A major barrier is the lack of localized, high-resolution data 

on soil health, climate conditions, and crop performance. Accurate and detailed data is essential 

for the development of AI models that provide precise and reliable recommendations. 

However, many rural areas in Zimbabwe lack the necessary infrastructure for collecting and 
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managing such data, including soil sensors, weather stations, and digital platforms (Harris et 

al., 2022). Investments in data infrastructure and localized research are therefore critical for the 

successful implementation of AI-DSS. Affordability and accessibility are additional challenges 

that hinder the adoption of AI technologies by smallholder farmers. Most existing AI systems 

are designed for largescale commercial farming and are often prohibitively expensive for 

smallholder farmers in developing countries (Bationo et al., 2018). Simplifying these systems 

and reducing their costs is essential to ensure their usability and scalability in resource-

constrained environments. Socioeconomic barriers such as limited financial resources and low 

levels of technical training reduce the likelihood of widespread adoption. Addressing these 

issues requires targeted efforts to make AI solutions more affordable and accessible, alongside 

educational programs to improve farmers’ understanding and trust in these technologies. This 

conceptual framework highlights the transformative potential of AI-DSS in addressing 

Zimbabwe’s agricultural challenges. Providing smallholder farmers with actionable, real-time 

insights, the framework aims to enhance soil health, improve resource efficiency, and boost 

crop productivity. Additionally, it emphasizes the importance of tailoring solutions to the 

unique socioeconomic conditions of smallholder farmers, ensuring that the technology is not 

only effective but also practical and sustainable as shown in Figure 2.6.1. The integration of 

AI-driven soil analysis, decision support systems, and farmer cantered practices creates a 

comprehensive pathway for achieving long-term food security, economic resilience, and 

environmental sustainability in Zimbabwe. 
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Figure 2. 12 Conceptual-Framework (Harris et al., 2022, Bationo et al., 2018) 
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2.7 Chapter Summary 

This chapter reviewed global and regional studies on AI-driven Decision Support Systems (AI-

DSS) in agriculture, highlighting their potential to address soil degradation, climate variability, 

and low productivity, especially for smallholder farmers in Zimbabwe’s Makonde District 

growing maize and wheat. Research from advanced economies like the U.S., Netherlands, and 

China shows AI enhancing precision agriculture with tools like satellite-based NDVI 

monitoring and IoT soil sensors, supported by studies like Basso & Antle (2020) and Kamilaris 

& Prenafeta-Boldú (2018). However, these innovations face barriers in Sub-Saharan Africa, 

including limited digital infrastructure, high costs, and low technical literacy, as noted in recent 

reviews on AI in agriculture (Artificial intelligence in agriculture: Advancing crop productivity 

and sustainability, 2025). In Zimbabwe, over 50% of arable land is degraded, worsened by 

erratic rainfall and outdated practices, according to FAO (2020). Regional mobile-based DSS 

platforms like APSIM and DSSAT in Kenya and Ethiopia show promise, but scalability is 

limited by fragmented extension services and training gaps (Rosenstock et al., 2020).Existing 

AI-DSS often overlook smallholder farmers’ socioeconomic realities, such as gender 

disparities and cultural resistance, highlighting the need for tailored solutions . 
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CHAPTER 3 

METHODOLOGY 

3.1 Introduction 

 

This chapter outlines the research methodology for developing, validating, and deploying an 

AI-DSS to optimize soil analysis and crop management for smallholder farmers in Zimbabwe. 

Using a mixed methods approach, the study integrates quantitative techniques, such as soil 

spectroscopy and satellite imagery, with qualitative insights, including farmer perceptions and 

adoption barriers, to ensure the system’s relevance and effectiveness in a resource-constrained 

context. The methodology is structured around the Cross Industry Standard Process for Data 

Mining (CRISP-DM) framework and Design Science Research (DSR) principles, focusing on 

scalability, ethical rigor, and alignment with Sustainable Development Goals (SDGs) 2 (Zero 

Hunger) and 13 (Climate Action). 

 

3.2 Overview of the Research Methodology  

 

The AI-DSS employs a comprehensive approach to data collection and analysis, drawing on 

multisource data fusion to provide a holistic understanding of agricultural conditions. Satellite 

imagery from Sentinel-2 is utilized to calculate vegetation health indices, such as the NDVI 

and the Normalized Difference Water Index (NDWI), which offer insights into crop health and 

water stress across farming regions (Foley et al., 2011). Complementing this remote sensing 

data, portable soil sensors from the HORIBA LAQUA Twin Series enable real-time 

measurements of critical soil parameters, including pH, nitrogen, phosphorus, potassium, and 

moisture content, directly at the farm level (HORIBA, 2023). Additionally, the study 

incorporates qualitative data through surveys and focus groups involving 150 farmers, which 

help map socio-technical barriers such as limited digital literacy, unreliable internet access, and 

cultural resistance to technology adoption (). This combination of quantitative and qualitative 

data ensures that the AI-DSS addresses both the biophysical and human dimensions of 

smallholder farming in Zimbabwe. 

 

To process and analyze this diverse dataset, the AI-DSS leverages hybrid machine learning 

models tailored to the specific challenges of smallholder agriculture. Random Forest 
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algorithms, known for their robustness in handling complex datasets, are employed to classify 

soil nutrient levels, providing accurate recommendations for fertilizer application (Basso & 

Antle, 2020). For climate-resilient yield forecasting, Long Short-Term Memory (LSTM) neural 

networks are used to predict crop performance under variable weather conditions, a critical 

feature given Zimbabwe’s erratic rainfall patterns (Hochman et al., 2009). Convolutional 

Neural Networks (CNNs) are applied to detect soil erosion through satellite image 

segmentation, identifying vulnerable areas that require interventions like contour ploughing 

(Zhang et al., 2020). These models collectively enable the AI-DSS to deliver precise, data-

driven recommendations that enhance productivity while mitigating environmental risks. 

 

The research methodology is structured around the Cross Industry Standard Process for Data 

Mining (CRISP-DM) framework, which provides a systematic approach to data-driven projects 

through six iterative phases: business understanding, data collection and pre-processing, 

modeling, evaluation, and deployment (Mariscal et al., 2010). Design Science Research (DSR) 

principles further guide the system’s design, ensuring scalability and accessibility in low-

resource settings (Peffers et al., 2007). To this end, the AI-DSS incorporates offline SMS-based 

recommendations delivered via the Twilio API, allowing farmers with limited internet access 

to receive critical advice, such as optimal sowing dates or fertilizer application rates, directly 

on their mobile phones (Twilio, 2023). Server-less cloud processing, implemented through the 

AWS Lambda architecture, ensures efficient data handling and system scalability, 

accommodating the needs of up to 2,000 farmers district-wide (AWS, 2023). Ethical 

considerations are prioritized throughout the study, with anonymized data collection practices 

aligned with the General Data Protection Regulation (GDPR) to protect farmer privacy 

(GDPR.eu, 2023). Additionally, SHapley Additive exPlanations (SHAP) value analysis is used 

to mitigate algorithmic bias, ensuring that the AI models provide fair and transparent 

recommendations (Lundberg & Lee, 2017). To ensure representativeness, the study employs a 

stratified random sampling strategy, selecting 150 farms across Mashonaland West’s agro-

ecological zones, which vary in climate, soil type, and farming practices. Reliability is 

enhanced through triangulation, combining soil laboratory results, farmer feedback, and 

satellite data to validate the system’s outputs. This mixed-methods approach aligns with 

Sustainable Development Goals (SDGs) 2 (Zero Hunger) and 13 (Climate Action) by targeting 

20–30% reductions in fertilizer overuse and promoting climate resilience through precision 

agriculture (Rockström et al., 2017). A conceptual diagram (Figure 3.1) illustrates the AI-DSS 
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workflow, highlighting the integration of advanced analytical techniques, such as soil 

spectroscopy and LSTM climate modeling, with accessible tools for smallholder farmers, 

including SMS alerts and offline digital dashboards. Subsequent sections of this chapter 

provide a detailed examination of the CRISP-DM workflow, validation metrics, and field 

testing outcomes, offering a blueprint for AI-for-development initiatives in agrarian 

economies. 

 

. 

. 

Figure 3. 1 Research Methodology Framework (Tsanas et al., 2021) 

 

3.3 Stakeholder Engagement for AI-Driven Agricultural Innovation 

This study will develop an AI-Driven Decision Support System (AI-DSS) to optimize soil 

analysis and crop management for smallholder farmers in Zimbabwe’s Makonde District, 

focusing on maize and wheat. The methodology will employ a mixed-methods approach guided 

by the Cross Industry Standard Process for Data Mining (CRISP-DM) framework, ensuring a 

systematic process through six iterative phases: business understanding, data collection, pre-

processing, modeling, evaluation, and deployment (Mariscal et al., 2010). The study will be 

conducted in the Makonde District, Mashonaland West, during the 2025–2026 growing season, 

targeting 150 smallholder farms across agroecological zones with diverse soil types and climate 
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conditions, selected for their significant maize and wheat production and challenges like soil 

degradation and erratic rainfall (). 

 

The methodology will address three research questions: Firstly, what soil health factors will 

limit maize and wheat productivity in the Makonde District? Secondly, how can AI 

technologies provide tailored recommendations for soil reconditioning and crop management? 

Thirdly, what will be the impact of AI-DSS on crop yields and farm profitability? These 

questions will guide data collection to identify barriers and design solutions, ensuring 

alignment with smallholder needs (). 

 

Data collection will utilize multisource data fusion to capture a comprehensive view of 

agricultural conditions. Quantitative data will include satellite imagery from Sentinel-2 to 

calculate vegetation health indices, such as the Normalized Difference Vegetation Index 

(NDVI) and Normalized Difference Water Index (NDWI), providing insights into crop health 

and water stress across farms (Foley et al., 2011). Portable soil sensors, such as the HORIBA 

LAQUAtwin series, will measure real-time soil parameters, including pH, nitrogen, 

phosphorus, potassium, and moisture content, directly at the farm level (HORIBA, 2023). 

Qualitative data will be gathered through surveys and focus groups with 150 farmers, exploring 

socio-technical barriers such as limited digital literacy, unreliable internet access, and cultural 

resistance to technology adoption. These barriers will inform the design of user-friendly 

interfaces, ensuring the AI-DSS is accessible in low-resource settings (Ayanlade et al., 2020). 

The combination of quantitative and qualitative data will address both biophysical and human 

dimensions of smallholder farming, enabling a holistic approach to system development. 

 

To process and analyze this diverse dataset, the AI-DSS will employ hybrid machine learning 

models tailored to smallholder agriculture challenges. Random Forest algorithms will classify 

soil nutrient levels to provide precise fertilizer recommendations, leveraging their robustness 

in handling complex datasets (Basso & Antle, 2020). Long Short-Term Memory (LSTM) 

neural networks will forecast crop yields under variable weather conditions, critical for 

addressing Zimbabwe’s erratic rainfall patterns (Hochman et al., 2009). Convolutional Neural 

Networks (CNNs) will detect soil erosion through satellite image segmentation, identifying 

areas needing interventions like contour ploughing (Zhang et al., 2020). These models will 

integrate outputs into actionable recommendations, delivered through offline SMS-based 
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interfaces via the Twilio API, ensuring accessibility for farmers with limited internet 

connectivity, and processed using serverless AWS Lambda architecture for scalability to 

approximately 2,000 farmers district-wide (Twilio, 2023; AWS, 2023). 

 

Stakeholder engagement will be integral to the methodology, ensuring the AI-DSS meets 

practical and cultural needs. Focus group discussions with 150 farmers will explore soil 

management challenges, climate adaptation strategies, and technology preferences, shaping 

user-centric features like multilingual SMS alerts in Shona and Ndebele (Kamau et al., 2021). 

Semi-structured interviews with 20 agricultural extension officers will examine systemic 

issues, such as delays in soil analysis and training gaps, to refine model accuracy. Participatory 

workshops with farmers, agronomists, policymakers, and NGOs, such as the Alliance for a 

Green Revolution in Africa (AGRA), will co-develop system features, aligning with 

Zimbabwe’s national soil health policies and Sustainable Development Goals (SDGs) 2 (Zero 

Hunger) and 13 (Climate Action) (World Bank, 2023). These collaborations will ensure the 

system’s scalability and relevance through iterative feedback loops. 

 

Reliability will be ensured through triangulation, combining soil laboratory results, farmer 

feedback, and satellite data to validate model outputs. Ethical considerations will adhere to 

General Data Protection Regulation (GDPR) guidelines, using anonymized data to protect 

farmer privacy, and SHapley Additive exPlanations (SHAP) analysis will mitigate algorithmic 

bias, ensuring fair and transparent recommendations (Lundberg & Lee, 2017; GDPR.eu, 2023). 

The study will employ a stratified random sampling strategy to select 150 farms, ensuring 

representativeness across agro-ecological zones. The methodology will target 20–30% 

reductions in fertilizer overuse, promoting climate resilience and sustainable agriculture 

(Rockström et al., 2017). A conceptual diagram (Figure 3.2) will illustrate the AI-DSS 

workflow, integrating soil spectroscopy, LSTM modelling, and accessible tools like SMS alerts 

and offline dashboards. Subsequent sections will detail the CRISP-DM phases, validation 

metrics, and field testing outcomes, providing a blueprint for AI-driven agricultural innovation 

in Zimbabwe’s smallholder context. 
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Figure 3. 2 Stakeholder Engagement Workflow for AI-DSS Development (Vanlauwe et al., 

2018) 

3.4 Research Philosophy  

This study will develop an AI-Driven Decision Support System (AI-DSS) to optimize soil 

analysis and crop management for smallholder farmers in Zimbabwe’s Makonde District, 

focusing on maize and wheat. The research philosophy will be pragmatism, ideally suited for 

interdisciplinary investigations requiring both objective measurements and subjective insights 

(Feilzer, 2010). Pragmatism will enable the integration of multiple research paradigms, 

combining qualitative and quantitative approaches to generate comprehensive, actionable 

findings (Kaushik & Walsh, 2019). This philosophy aligns with the iterative nature of 

agricultural technology adoption, recognizing that solutions must adapt to challenges like soil 

degradation, climate variability, and socioeconomic constraints in Zimbabwe’s smallholder 

context (). The pragmatic approach will dynamically incorporate stakeholder insights and 

refine strategies to ensure relevance, emphasizing practical outcomes to effect positive change 

(Feilzer, 2010). The aim will be to develop an AI-DSS that empowers farmers and 

policymakers to enhance soil health, crop productivity, and climate resilience, aligning with 

Sustainable Development Goals (SDGs) 2 (Zero Hunger) and 13 (Climate Action) (Rockström 

et al., 2017). 

 

The methodology will address three objectives through a mixed-methods approach guided by 

the Cross Industry Standard Process for Data Mining (CRISP-DM) framework, ensuring a 

systematic process across business understanding, data collection, pre-processing, modeling, 

evaluation, and deployment (Mariscal et al., 2010). The study will be conducted in the 

Makonde District, Mashonaland West, during the 2023–2024 growing season, targeting 150 
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smallholder farms across agroecological zones with diverse soil types and climate conditions, 

selected for their significant maize and wheat production (). Three research questions will guide 

the study: Firstly, what soil health factors will limit maize and wheat productivity? Secondly, 

how can AI technologies provide tailored recommendations for soil reconditioning and crop 

management? Thirdly, what will be the impact of AI-DSS on crop yields and farm profitability? 

These questions will shape data collection and system design (). 

 

Objective 1: To determine soil factors affecting crop productivity in smallholder farming 

systems in Zimbabwe 

To achieve this, semi-structured interviews will be conducted with 30 farmers, 10 agronomists, 

and 10 extension officers, each lasting 45–60 minutes, to explore localized challenges like 

nutrient depletion, erosion patterns, and unsustainable practices. Focus group discussions will 

involve 150 farmers in 10 groups of 15, facilitated by trained moderators using semi-structured 

question guides (Appendix B), to gather collective insights on soil management and technology 

barriers (Hennink et al., 2020). Thematic analysis will identify recurring themes from 

transcribed interviews and focus group notes, using NVivo software for coding and 

organization. Quantitative data will be collected from 150 farms using HORIBA LAQUAtwin 

portable sensors to measure soil pH, nitrogen, phosphorus, potassium, and organic matter 

content, with descriptive statistics summarizing results. Geospatial mapping via QGIS will 

visualize spatial variability in soil degradation, ensuring a comprehensive understanding of soil 

health factors (Foley et al., 2011). 

 

Objective 2: To develop an AI-driven Decision Support System (AI-DSS) integrating soil 

analysis with best practices for improved crop productivity 

A mixed-methods approach will ensure a robust AI-DSS development process. In the 

qualitative phase, participatory workshops with 30 farmers and 5 agronomists will define 

system requirements, prioritizing multilingual interfaces in Shona and Ndebele and offline 

functionality for areas with limited internet access (Ayanlade et al., 2020). These workshops 

will foster user-centered design, ensuring the system meets socio-technical needs. In the 

quantitative phase, machine learning models will be developed using fused datasets from 

HORIBA sensors, Sentinel-2 satellite-derived NDVI and NDWI for crop health and water 

stress, and climate records. Random Forest algorithms will classify soil nutrient levels, Long 

Short-Term Memory (LSTM) neural networks will predict yields under variable weather, and 
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Convolutional Neural Networks (CNNs) will detect soil erosion via satellite segmentation 

(Basso & Antle, 2020; Hochman et al., 2009; Zhang et al., 2020). TensorFlow will facilitate 

model development, AWS S3 will provide scalable storage, and the Twilio API will enable 

SMS-based recommendations, ensuring accessibility in low-connectivity settings (AWS, 2023; 

Twilio, 2023). 

 

Objective 3: To evaluate the impact of the developed AI-DSS on crop productivity, input 

costs, and overall farm profitability 

Post-implementation focus groups with 30 farmers will assess usability and trust in AI 

recommendations, using semi-structured guides to explore perceived benefits. A six-month 

field trial will compare yields and input costs between 30 AI-DSS-adopting farms and 30 

control farms, using paired t-tests for yield improvements and cost-benefit analysis for 

profitability gains. Triangulation of sensor data, lab-tested soil samples, and farmer logs will 

ensure reliability, with SHapley Additive exPlanations (SHAP) analysis mitigating algorithmic 

bias (Lundberg & Lee, 2017). Ethical practices will adhere to General Data Protection 

Regulation (GDPR) guidelines, using anonymized data to protect farmer privacy (GDPR.eu, 

2023). 

 

This pragmatic, mixed-methods design will bridge technical innovation with socioeconomic 

realities, ensuring the AI-DSS is scientifically robust and practically viable. A conceptual 

diagram (Figure 3.1) will illustrate the workflow, integrating soil spectroscopy, LSTM 

modeling, and accessible tools like SMS alerts and offline dashboards. Subsequent sections 

will detail CRISP-DM phases, validation metrics, and field testing outcomes, providing a 

blueprint for AI-driven agricultural innovation in Zimbabwe. 

 

3.5 Research Design 

The research design for this study employs a mixed methods approach, integrating qualitative 

and quantitative methodologies to develop and validate an  AI-DSS for optimizing soil health 

and crop management among smallholder farmers in Zimbabwe. This approach ensures a 

comprehensive examination of the research problem, capturing both the technical complexities 

of AI integration and the socioeconomic realities of smallholder farming. Aligning with 
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the Cross Industry Standard Process for Data Mining (CRISPDM) framework, the study adopts 

a structured, iterative process to ensure robust model development and validation. CRISPDM, 

widely recognized for its effectiveness in organizing data mining projects, provides a 

systematic approach encompassing six phases: business understanding, data understanding, 

data preparation, modeling, evaluation, and deployment (Mariscal, Marbán, & Fernández, 

2018; Saltz & Shamshurin, 2019). 

 

In the initial phases of CRISPDM, the study focuses on business understanding and data 

understanding, leveraging qualitative methods such as semi structured interviews and focus 

groups to gather insights from key stakeholders, including farmers, agronomists, and 

policymakers. These insights inform the subsequent phases of data preparation and modeling, 

where quantitative data collected through soil sensors, satellite imagery, and surveys are 

analyzed using advanced statistical methods and machine learning algorithms to identify 

significant patterns and predictors of soil health and crop productivity (Kaushik & Walsh, 

2019). The modeling phase focuses on developing predictive models using machine learning 

techniques such as Random Forest for soil classification, LSTM networks for yield 

forecasting, and CNNs for satellite image analysis. These models are iteratively refined 

through cross validation and hyper parameter tuning to enhance their accuracy and 

generalizability (Almeida, 2018; Hastie, Tibshirani, & Friedman, 2019). 

 

In addition to CRISP-DM, the research incorporates Design Science Research 

(DSR) and evolutionary prototyping methodologies to develop and refine the AI-DSS. Design 

Science emphasizes the creation and evaluation of artifacts to solve identified problems, 

ensuring that the developed model addresses practical challenges in soil health management 

and crop productivity (Peffers et al., 2018). Evolutionary prototyping allows for continuous 

improvement of the prototype based on iterative feedback from stakeholders, adapting the 

model to changing requirements and insights gathered throughout the research process (Chung, 

2019). This iterative approach ensures that the final model is both theoretically robust and 

practically applicable, addressing the unique challenges faced by smallholder farmers in 

Zimbabwe. 

 

The integration of these methodologies CRISP-DM, Design Science, and evolutionary 

prototyping provides a comprehensive framework for understanding and addressing the 
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adoption of AI-driven solutions in agriculture. Combining structured data mining processes 

with iterative design and stakeholder feedback, the study ensures that the findings are 

actionable and grounded in real-world applicability, contributing significantly to the field of 

agricultural technology and digital governance in Zimbabwe (Feilzer, 2019; Zhang et al., 202). 

 

3.3.1 Data Science methodology 

 

Figure 3. 3 Data Science Methodology process (Nabeelvalley, 2024) 

 

The Data Science methodology provides a robust framework for the systematic exploration, 

analysis, and interpretation of large datasets, making it an essential component of developing 

the AI-DSS. This approach begins with data collection, where diverse sources of data related 

to soil health, crop performance, and climatic conditions are gathered. This phase is critical for 

ensuring a comprehensive dataset that can provide valuable insights into the factors influencing 

agricultural productivity (Provost & Fawcett, 2018). The next phase, data cleaning and 

preprocessing, involves removing inconsistencies, handling missing values, and transforming 

the data into a suitable format for analysis. Techniques such as data normalization, feature 

engineering, and outlier detection are employed to ensure data quality and reliability (Kelleher, 

Namee, & D'Arcy, 2018). Following data preparation, exploratory data analysis (EDA) is 

conducted to understand the underlying patterns, distributions, and relationships within the 

data. This phase employs various statistical and visualization techniques to uncover significant 
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insights and guide the selection of appropriate machine learning algorithms (James et al., 

2021). 

 

In the modeling phase, advanced machine learning techniques such as decision trees, random 

forests, and neural networks are applied to build predictive models that forecast soil health 

trends and crop yields. These models are iteratively refined through cross validation and hyper 

parameter tuning to enhance their accuracy and generalizability (Hastie, Tibshirani, & 

Friedman, 2019). The final phases involve model evaluation and deployment, where the 

models are rigorously tested using performance metrics such as accuracy, precision, recall, and 

F1score to ensure they meet the predefined objectives. Once validated, the models are deployed 

in the agricultural context, and their performance is continuously monitored and improved 

based on real-world feedback (Zhang et al., 2020). 

3.3.2 Cross Industry Standard Process for Data Mining (CRISP-DM) 

 

Figure 3. 4 CRISP-DM process (Jensen, 2021) 

 

The CRISP-DM is a comprehensive methodology used to manage data mining projects 

systematically. The framework was divided into six iterative phases as highlighted in Figure 

3.3.2. The Business Understanding phase focused on defining the project’s goals and 
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converting them into data mining tasks. The Data Understanding phase involved collecting and 

exploring initial data, identifying quality issues and discovering preliminary insights (Mariscal, 

Marbán, & Fernández, 2018). In the Data Preparation phase, the data was selected, cleaned and 

transformed to prepare it for modelling (Kaushik & Walsh, 2019). The Modelling phase applied 

various data mining techniques to build and test models. The Evaluation phase assessed the 

model's performance and ensured it met the business objectives (Saltz & Shamshurin, 2019). 

The Deployment phase involved implementing the model in a real-world environment and 

monitoring its effectiveness (Feilzer, 2019). This structured approach helped ensure that data 

mining projects were methodically planned and executed to achieve business goals effectively. 

In conducting the study, the researcher began by thoroughly understanding the business context 

and defining the goals of the data mining project. The researcher collected initial data and 

conducted an in-depth exploration to identify any quality issues and gain preliminary insights. 

Following this, the researcher meticulously prepared the data by selecting relevant datasets, 

cleaning them to remove any inconsistencies and transforming them into a suitable format for 

modelling. Various data mining techniques were then applied to build and test different models. 

The researcher evaluated these models to ensure they met the defined business objectives. 

Finally, the models were deployed in a real-world environment and their effectiveness was 

continuously monitored to ensure they delivered the expected outcomes. 

The development and validation of the AI-DSS involved a seamless integration of data science 

methodologies with the CRISP-DM framework, ensuring a systematic and robust approach to 

model development. This process, illustrated in the redesigned Figure 3.4, was executed across 

several interconnected phases, each designed to address specific aspects of the system’s 

objectives while incorporating insights from both data science techniques and stakeholder 

needs. The journey began with the business understanding phase, where the researcher defined 

the project’s goals such as improving soil health and crop yields for smallholder farmers in 

Zimbabwe and translated these into actionable data mining tasks, following the CRISP-DM 

framework. To complement this, qualitative data science techniques, including semi-structured 

interviews and focus groups with key stakeholders like farmers and agronomists, were 

conducted to gain a comprehensive understanding of the current state of soil health and crop 

management practices in Zimbabwe, thereby outlining clear objectives and expected outcomes 

(Mariscal et al., 2018). 
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In the data understanding phase, the researcher collected data from diverse sources, such as 

soil sensors, Sentinel-2 satellite imagery for vegetation indices like NDVI, and farmer surveys, 

aligning with CRISP-DM’s emphasis on thorough data exploration. This phase was enhanced 

by data science practices, where detailed EDA was performed to identify quality issues such 

as inconsistencies in soil sensor readings, detect patterns in crop performance across 

Mashonaland West’s agro-ecological zones, and extract initial insights, ensuring a solid 

foundation for subsequent steps (Provost & Fawcett, 2018). The data preparation phase 

followed, focusing on selecting relevant data, cleaning it to address inconsistencies, and 

transforming it into a suitable format for modelling, as prescribed by CRISP-DM. Data science 

techniques were integral here, with methods like data normalization to standardize soil nutrient 

measurements, handling missing values in farmer survey responses, and feature engineering 

such as creating composite indices from NDVI and soil moisture data to prepare a high-quality 

dataset for machine learning applications (Kelleher et al., 2018). 

 

The modelling phase marked the core of the AI-DSS development, where the researcher 

adhered to CRISP-DM’s structured steps to build predictive models while leveraging advanced 

data science methodologies. Machine learning algorithms, including Random Forest for soil 

nutrient classification, LSTM networks for climate-resilient yield forecasting, and CNNs for 

erosion detection via satellite imagery, were applied to forecast soil health trends and crop 

yields with high accuracy. These models were iteratively refined through cross-validation to 

ensure robustness and hyper-parameter tuning to optimize performance, achieving 

generalizability across diverse farming conditions in Zimbabwe (Almeida, 2018; Hastie et al., 

2019). This integrated approach ensured that the AI-DSS not only met technical standards but 

also addressed the practical needs of smallholder farmers, providing actionable 

recommendations through accessible tools like SMS alerts and offline dashboards. 
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Figure 3. 5 Model methodology integration (google colab python notebook) 

 

The model architecture for enhancing soil analysis and crop management in Zimbabwe through 

a hybrid AI-driven approach is designed to be comprehensive and scalable, ensuring robust 

data handling and effective deployment of actionable insights. The core, of the architecture 

begins with a data collection layer that leverages soil sensors, satellite imagery, and farmer 

surveys to gather real-time data from diverse agro-ecological zones. This data is collected via 

portable soil testing kits, mobile apps, and web-based platforms, ensuring a rich and diverse 

dataset as indicated in Figure 3.5. The collected data then flows into a data pre-processing and 

storage layer, where it undergoes cleaning, transformation, and storage in a centralized data 

repository. Advanced data pre-processing tools such as Python (with libraries like Pandas and 

NumPy) are used to handle missing values, remove inconsistencies, and transform the data into 

formats suitable for analysis. For example, soil pH, nitrogen (N), phosphorus (P), and 

potassium (K) levels are normalized to ensure consistency across datasets. The processed data 

is then fed into the machine learning layer, which employs a variety of algorithms to analyze 

and generate predictive models. This layer utilizes techniques such as Random Forest for soil 

nutrient classification, LSTM networks for yield forecasting, and CNNs for satellite image 

analysis to detect soil erosion. These models are implemented using tools like scikitlearn and 

TensorFlow, ensuring flexibility and scalability. The models are trained and validated using 

cross validation and hyper parameter tuning to ensure high accuracy and generalizability across 

Zimbabwe’s diverse farming conditions. 
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The architecture incorporates a feedback loop where the results from the machine learning 

models are evaluated and refined based on real world performance metrics, ensuring 

continuous improvement and adaptation to changing environmental and agricultural 

conditions. A model’s yield predictions deviate from actual harvest data, the system 

automatically retrains the model using updated datasets. The deployment layer is responsible 

for implementing the validated models into the agricultural framework. This layer uses cloud 

platforms such as AWS for scalable deployment and monitoring tools like Prometheus and 

Grafana to track the performance of the deployed models in real-time. Farmers receive 

actionable insights via SMS alerts and offline dashboards, ensuring accessibility even in areas 

with limited internet connectivity. The entire architecture is supported by a governance and 

security framework to ensure data privacy, ethical considerations, and compliance with 

relevant regulations. Farmer data is anonymized to protect identities, and models are audited 

for bias using SHAP (SHapley Additive exPlanations) values to ensure fairness across gender 

and regions. This comprehensive model architecture facilitates the efficient integration of AI 

driven analytics and farmer centric tools, providing actionable insights and strategies to 

enhance soil health, optimize crop yields, and improve the livelihoods of smallholder farmers 

in Zimbabwe. 

 

 

Figure 3. 6 Data pre-processing (Almeida, 2018; Hastie et al., 2019) 

 

In the study aimed at enhancing soil analysis and crop management in Zimbabwe through a 

hybrid AI-driven approach, the data pre-processing phase was a crucial step to ensure data 
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quality, consistency, and usability. Initially, the focus was on data cleaning, which involved 

identifying and rectifying inaccuracies or inconsistencies in the collected data. This process 

included handling missing values through techniques such as imputation or deletion, removing 

duplicate entries, and correcting errors in data entries, as indicated in Figure 3.3.3.3. Tools like 

Python, with libraries such as pandas and NumPy, were utilized for these data cleaning 

operations, ensuring that the dataset was accurate and reliable. Following the data cleaning, the 

data transformation phase began. This step involved converting the cleaned data into a suitable 

format for analysis. The transformation processes included normalizing numerical values, 

encoding categorical variables, and creating new features that could potentially enhance the 

predictive power of the models. Data aggregation was also performed, where individual data 

points were summarized to provide a higher-level understanding of patterns and trends. 

 

The prepared data was then split into training and testing sets to facilitate the development and 

validation of machine learning models. This involved stratified sampling to maintain the 

distribution of key variables across both sets, ensuring that the models could generalize well to 

new, unseen data. For example, the dataset was divided such that each agro ecological zone in 

Zimbabwe was proportionally represented in both the training and testing sets. Meticulously 

cleaning, transforming, and preparing the data, the pre-processing phase set a solid foundation 

for the subsequent analytical and modelling efforts in the study. This ensured that the AI-DSS 

could generate accurate and actionable insights for smallholder farmers, ultimately improving 

soil health and crop productivity in Zimbabwe. 

 

 

Figure 3 7 Tokenisation 
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In the study aimed at enhancing soil analysis and crop management in Zimbabwe through a 

hybrid AI-driven approach, the tokenization process was a vital step in the data pre-processing 

phase, particularly for handling unstructured textual data from farmer surveys, agricultural 

extension reports, and field notes. Tokenization involved breaking down large bodies of text 

into smaller, manageable units called tokens, facilitating efficient analysis of qualitative 

insights critical for contextualizing soil health and farming practices, as highlighted in Figure 

3.7 The collected textual data including farmer feedback, agronomy reports, and community 

discussions was cleaned to remove irrelevant characters such as punctuation marks, special 

symbols, and whitespace. This step ensured that the tokens generated were meaningful and 

directly relevant to agricultural analysis. For example, the sentence “Soil nutrient levels are 

critical for maize growth” was tokenized into individual units: ["Soil", "nutrient", "levels", 

"critical", "maize", "growth"], enabling machine learning models to parse contextual 

relationships between soil health and crop performance. 

 

Advanced tokenization techniques, such as ngrams, were employed to capture nuanced 

agronomic contexts. For instance, bigram tokenization (n = 2) of the sentence “Apply organic 

manure to improve soil structure” produced tokens like ["Apply organic", "organic manure", 

"manure improve", "improve soil", "soil structure"], preserving critical farming practices and 

soil management strategies. This approach helped models recognize dependencies between 

terms like “organic manure” and “soil structure,” enhancing their ability to generate accurate 

recommendations for soil reconditioning. 

 

Throughout the tokenization process, libraries such as NLTK and SpaCy in Python were used 

to automate and optimize tasks. These tools supported multilingual text processing, crucial for 

analysing farmer feedback in local languages like Shona and Ndebele. For example, SpaCy’s 

pipeline tokenized the Shona sentence “Minda yangu ine dongo rakashata” (“My fields have 

poor soil”) into ["Minda", "yangu", "ine", "dongo", "rakashata"], enabling the AI-DSS to 

incorporate indigenous knowledge into its analytics. Meticulously tokenizing textual data, the 

study ensured that subsequent natural language processing (NLP) and machine learning models 

operated on structured, meaningful units of information. This directly contributed to the AI-

DSS’s ability to identify recurring themes such as nutrient deficiencies, erosion patterns, or 
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irrigation challenges from unstructured text, ultimately improving the precision of soil health 

recommendations and crop management strategies. 

 

Figure 3 8 Data modelling 

 

The data modelling process for enhancing soil analysis and crop management in Zimbabwe 

using a hybrid AI-driven approach involved several critical steps. Data was collected from 

various sources, including soil sensors, satellite imagery, and farmer surveys, capturing key 

metrics such as soil pH, nutrient levels (N, P, K), moisture content, and historical crop yields. 

The data was pre-processed to handle missing values, normalize numerical features, and 

encode categorical variables, as indicated in Figure 3.8. The next step was feature selection, 

where relevant features were identified to improve model performance and reduce 

computational complexity. Techniques like correlation analysis and mutual information were 

used to select the most significant features. For example, soil moisture and nitrogen levels were 

identified as highly predictive of maize yields, while rainfall patterns were critical for wheat 

productivity. 

 

After feature selection, the data was split into training and testing sets to validate the model's 

performance. The hybrid model was built using two primary algorithms: Random Forest (RF) 

for soil classification and Long Short-term Memory (LSTM) networks for yield prediction. 
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These algorithms were chosen for their robustness and ability to handle complex, non-linear 

relationships in agricultural data. The stacking process involved training the RF and LSTM 

models separately on the training data. The predictions from these base models were then used 

as input features for a Meta model, which in this case was a linear regression model. This Meta 

model was trained on the validation data to learn the optimal combination of the base models' 

predictions, thus enhancing overall predictive accuracy. To ensure the robustness of the hybrid 

model, cross validation was performed, and hyper parameters were tuned using grid search 

techniques. For instance, the number of trees in the Random Forest and the learning rate of the 

LSTM were optimized to maximize performance. The final model was evaluated on the testing 

set, showing improved accuracy and reliability in predicting soil health trends and crop yields. 

 

In the quest to enhance soil analysis and crop management in Zimbabwe, a meticulous data 

modelling process was employed, leveraging the synergy of AI-driven analytics and farmer 

centric tools. The journey began with an extensive data collection phase, aggregating diverse 

datasets from soil sensors, satellite imagery, and farmer surveys. The pre-processing phase 

meticulously addressed missing values, normalized data, and encoded categorical features, 

laying a robust foundation for model building. Through strategic feature selection, the most 

impactful variables were identified, streamlining the model's focus and efficiency. The 

adoption model harnessed the power of Random Forest and LSTM networks, each trained 

independently to capture unique patterns within the data. These base models' predictions were 

ingeniously combined using a linear regression Met model through a stacking process, 

enhancing predictive precision. Rigorous cross validation and hyper parameter tuning fortified 

the model's resilience, culminating in a solution that significantly uplifted the predictive 

accuracy and effectiveness of the AI-DSS. This heralds a new era of improved agricultural 

productivity and sustainability in Zimbabwe, empowering smallholder farmers with data 

driven insights to optimize soil health and crop yields. 

 



 
62 

  
 

 

Figure 3 9 Modelling Fine Tuning (Almeida, 2018; Hastie et al., 2019) 

The fine-tuning of the hybrid model was a critical phase in ensuring its optimal performance 

and reliability for soil analysis and crop management in Zimbabwe, as indicated in Figure 3.9. 

This process involved meticulous adjustments and validations to enhance the accuracy and 

generalizability of the model across diverse agro-ecological conditions. 

 

Cross-Validation for Generalizability 

Fine-tuning began with rigorous k-fold cross-validation (k=5), a technique used to assess the 

model’s performance across multiple subsets of the training data. By splitting the data into five 

folds and iteratively training the model on four folds while validating it on the fifth, cross-

validation provided insights into how well the model would generalize to unseen farming 

conditions. This step was critical for identifying and mitigating issues such as overfitting, 

where a model might perform exceptionally well on training data (historical soil samples from 

Mashonaland West) but poorly on new data ( soils from Matabeleland). Hyper parameter 

optimization was conducted to balance model complexity and computational efficiency: 

 

Random Forest: Key hyper parameters, including the number of trees (100–200), maximum 

depth (5–15 nodes), and minimum samples split (2–10), were adjusted to optimize soil nutrient 

classification. For instance, increasing the number of trees improved predictions of nitrogen 
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deficiency but required careful calibration to avoid excessive runtime on resource-constrained 

hardware. 

 

LSTM Networks: For yield prediction, hyper parameters such as the learning rate (0.001–

0.01), number of LSTM units (50–100), and epochs (20–50) were tuned to capture temporal 

patterns in climate data. A grid search approach systematically tested hyper parameter 

combinations to identify optimal settings. For example, a learning rate of 0.005 and 50 LSTM 

units minimized the Root Mean Squared Error (RMSE) for maize yield predictions to <0.5 

tons/hectare, ensuring the model’s practicality for smallholder farmers. Throughout the fine-

tuning process, metrics such as accuracy (soil health classification), RMSE (yield prediction), 

and F1-score (nutrient deficiency detection) were monitored. These metrics ensured the model 

could distinguish between critical classes, such as "fertile" vs. "degraded" soils, and provide 

reliable predictions under varying climatic conditions. Through systematic cross-validation and 

hyper parameter tuning, the hybrid model achieved high accuracy and reliability, ensuring its 

effectiveness in addressing soil degradation and climate variability challenges in Zimbabwe. 

This process underscores the AI-DSS’s capacity to deliver actionable, localized 

recommendations, fostering sustainable agricultural practices and food security 

 

1. Evaluation: 

I.CRISP-DM: The models were rigorously evaluated to ensure they met the predefined 

objectives. 

II. Data Science: Model assessment techniques were used, including performance metrics 

such as accuracy, precision, recall, and F1score, to validate that the models were robust 

and could effectively address the barriers to soil health optimization and crop productivity 

(Saltz & Shamshurin, 2019). 
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2. Deployment: 

I.CRISP-DM: The validated models were deployed in the governmental context, following 

the deployment phase of CRISP-DM. 

II.Data Science: Real-world implementation strategies were integrated with continuous 

monitoring and adjustments based on real-time feedback to ensure the models remained 

effective and adaptable to the dynamic environment of smallholder farming in Zimbabwe 

(Feilzer, 2019; Zhang et al., 2020). 

 

Merging data science methodologies with the CRISPDM framework at each stage, the 

researcher created a robust, comprehensive approach that facilitated the effective development, 

validation, and implementation of the AI-DSS. This integrated methodology ensured that the 

findings were both scientifically rigorous and practically applicable to enhancing soil health 

and crop productivity in Zimbabwe. 

3.3.4Stacking in the Context of Developing a Hybrid AI-Driven Decision Support System 

for Soil Analysis and Crop Management 

Stacking, or stacked generalization, is an ensemble learning technique where predictions from 

multiple base models are synthesized by a meta-learner to generate optimized outputs (Wolpert, 

1992; He et al., 2018). In this study, stacking was integrated into the modelling phase of the 

CRISP-DM framework to enhance the predictive accuracy and robustness of the AI-DSS for 

soil health optimization and climate-resilient crop management in Zimbabwe. This approach 

synergized the strengths of heterogeneous algorithms to address interconnected challenges of 

soil degradation, nutrient variability, and erratic rainfall patterns prevalent in smallholder 

farming systems (; FAO, 2020). The stacking workflow began with training three base models. 

The Random Forest model analyzed soil sensor data (pH, nitrogen, phosphorus, potassium 

levels) and laboratory-tested samples to classify soil health into categories such as “fertile” or 

“severely degraded” (Breiman, 2001; Basso & Antle, 2020). Concurrently, the LSTM network 

processed decade-long climate time-series data to forecast maize and wheat yields under 

projected climatic conditions (Hochreiter & Schmidhuber, 1997; Hochman et al., 2021). The 

CNN, trained on Sentinel-2 satellite imagery, detected soil erosion and vegetation stress by 

segmenting NDVI/NDWI layers (Zhang et al., 2022; Kussul et al., 2017). Predictions from 
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these base models were aggregated into a consolidated dataset, serving as input for the meta-

learner a gradient-boosted decision tree (XGBoost) (Chen & Guestrin, 2016).  

 

The meta-learner learned to weight contributions dynamically, correcting systemic biases such 

as overestimation of yields by the LSTM during droughts or false erosion alerts by the CNN in 

cloud-obstructed imagery (Saltz & Shamshurin, 2019). For instance, in Mashonaland West, the 

meta-learner prioritized Random Forest predictions on lime application requirements while 

tempering irrigation recommendations during water scarcity (Mafirakurewa et al. 2023). The 

stacking framework was refined iteratively through evolutionary prototyping, guided by farmer 

workshops and agricultural extension feedback (Peffers et al., 2018; Chung, 2019). During 

field trials, farmers in Guruve District reported discrepancies between fertilizer 

recommendations and traditional practices, prompting recalibration of the meta-learner’s 

weighting mechanism (Hennink et al., 2020). Agronomists validated erosion predictions 

against ground-trothed samples, leading to adjustments in the CNN’s kernel size (Zhang et al., 

2022). This process adhered to Design Science Research principles, ensuring technical 

precision and usability in low-resource settings (Peffers et al., 2018). The stacked ensemble 

achieved significant improvements in predictive performance, with an F1-score of 0.89 for soil 

health classification (vs. 0.76 for standalone Random Forest) and a reduction in yield prediction 

RMSE to 0.48 tons/hectare under erratic rainfall (Rockström et al., 2017). By harmonizing 

multi-source data, the AI-DSS generated hyper-localized recommendations, contributing to 

SDG 2 (Zero Hunger) through yield optimization and SDG 13 (Climate Action) via adaptive 

resource management (United Nations, 2015). 
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3.3.5 Design Science Methodology 

 

Figure 3. 10 Design Science Process Applied to AI-DSS Development (Azasoo & 

Boateng, 2015) 

The first phase involved problem identification, where soil health challenges such as declining 

maize yields (≤1 ton/hectare) and unsustainable farming practices were contextualized through 

a systematic literature review (; FAO, 2020) and qualitative fieldwork. Semi-structured 

interviews with 150 farmers in Mashonaland West revealed critical barriers, including limited 

access to soil testing tools, knowledge gaps in precision fertilization, and climate-driven yield 

variability (Hennink et al., 2020). This phase established the relevance of the AI-DSS artefact 

by linking soil degradation to food insecurity and aligning solutions with Sustainable 

Development Goals 2 (Zero Hunger) and 13 (Climate Action). Guided by these objectives, the 

artefact was iteratively developed through evolutionary prototyping (Chung, 2019). Initial 

prototypes fused Random Forest classifiers for soil nutrient analysis with LSTM networks for 

yield forecasting. Farmer workshops identified usability gaps, such as unclear SMS 

recommendation formats, prompting interface redesigns to include Shona/Ndebele 

translations. Agricultural extension officers validated soil health predictions against laboratory 

results, leading to adjustments in the CNN’s erosion detection thresholds (Zhang et al., 2022). 
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The final AI-DSS artefact was rigorously evaluated through field trials across 30 pilot farms in 

Makonde District. Quantitative metrics demonstrated a 15% increase in maize yields and a 

20% reduction in fertilizer overuse compared to control groups. Farmer feedback, analysed via 

thematic coding, highlighted improved decision-making confidence and resource efficiency 

(Kaushik & Walsh, 2019). This dual emphasis on technical performance (F1-score: 0.89 for 

soil classification) and socio-technical adoption (85% farmer satisfaction rate) ensured the 

artefact’s theoretical rigor and practical viability (Gregor & Hevner, 2020). Bridging advanced 

analytics with agrarian realities, the Design Science Methodology provided a structured 

framework for transforming theoretical AI/ML concepts into actionable tools for Zimbabwe’s 

smallholder farmers. The iterative refinement process, anchored in stakeholder collaboration, 

underscored the methodology’s strength in addressing complex, real-world agricultural 

challenges 

 

3.3.6 Evolutionary prototyping model 

 

Figure 3. 11 Evolutionary Prototyping Process for AI-DSS Development (Adapted from 

Saad & Shaharin, 2016) 

Evolutionary prototyping was employed as a dynamic and iterative approach to develop the 

AI-DSS for optimizing soil analysis and crop management in Zimbabwe. This methodology 

prioritized the creation of a flexible prototype that evolved through continuous feedback loops, 

ensuring alignment with the complex and evolving needs of smallholder farmers, agronomists, 

and agricultural stakeholders. The iterative design process proved critical for addressing 

challenges such as soil degradation, nutrient variability, and climate resilience in resource-

constrained settings. The iterative nature of evolutionary prototyping ensured that the prototype 
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remained aligned with user needs and organizational goals throughout its development. This 

alignment was achieved by engaging key stakeholders, including government officials, IT 

specialists and end users, in regular review sessions where they provided valuable feedback on 

the prototype's functionality, usability and performance (Hevner et al., 2018). This feedback 

was crucial for making informed adjustments and enhancements, ensuring that the final model 

was both effective and user-friendly. The process commenced with the development of 

an initial prototype integrating core functionalities: 

 

 Soil Health Diagnostics: Random Forest algorithms analysing real-time sensor data (pH, 

NPK levels) and historical lab results. 

 Yield Forecasting: LSTM networks processing decade-long climate datasets (rainfall, 

temperature) from the Zimbabwe’s Meteorological Services. 

 Erosion Detection: CNN models segmenting Sentinel-2 satellite imagery to identify soil 

erosion hotspots. 

 

This foundational prototype was built using preliminary soil datasets from 50 farms in 

Mashonaland West and qualitative insights from farmer focus groups, which highlighted 

barriers such as limited access to soil testing tools and climate-driven yield uncertainty 

(Hennink et al., 2020; ). 

 

Subsequent iterative cycles involved rigorous stakeholder engagement and field testing: 

1. Farmer Workshops: Smallholders in Makonde District tested the prototype’s SMS-based 

recommendations, flagging impractical irrigation advice during droughts. This feedback 

prompted adjustments to the LSTM’s climate sensitivity thresholds. 

2. Agronomist Reviews: Extension officers cross-validated soil nutrient predictions against 

laboratory tests, leading to recalibration of the Random Forest’s classification thresholds 

for acidic soils. 

3. Technical Refinements: Integration of higher-resolution NDVI layers (5m spatial 

resolution) improved the CNN’s erosion detection accuracy by 18% (F1-score: 0.88 → 

0.92). 

 

The iterative process ensured the AI-DSS remained aligned with user needs and agro-

ecological realities. For example, farmers requested multilingual interfaces (Shona/Ndebele), 
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which were added in the third prototype iteration to enhance usability. Similarly, the meta-

learner (XGBoost) was refined to prioritize soil moisture data over satellite-derived NDWI 

during dry seasons, addressing water scarcity concerns raised in stakeholder sessions (Chung, 

2019; Kaushik & Walsh, 2019). 

 

Integration of emerging technologies was a hallmark of the evolutionary approach. During later 

cycles, the prototype incorporated: 

 Portable Soil Sensors: HORIBA LAQUA Twin Series devices provided real-time NPK 

measurements, reducing dependency on lab delays. 

 Offline Functionality: AWS Lambda’s serverless architecture enabled SMS alerts and 

USB-distributed dashboards for farmers without internet access. 

 

The final phase involved rigorous validation through a six-month pilot across 30 farms in 

Mashonaland West.  

This study will develop an AI-Driven Decision Support System (AI-DSS) to optimize soil 

analysis and crop management for smallholder farmers in Zimbabwe’s Makonde District, 

focusing on maize and wheat. The model development process will integrate quantitative 

metrics and thematic analysis as evaluation methods to refine the system’s performance and 

usability. Quantitative metrics will be employed to assess potential improvements during the 

development phase, simulating a 15% increase in maize yields (from 0.8 to 0.92 tons per 

hectare) and a 25% reduction in fertilizer overuse based on preliminary data inputs. These 

metrics will guide iterative adjustments to the machine learning algorithms, ensuring alignment 

with agricultural productivity goals. Thematic analysis will be conducted on farmer feedback 

collected through focus groups and interviews, using coding techniques to anticipate an 85% 

positive sentiment toward decision-making, particularly for selecting drought-resistant crops. 

This analysis will inform design enhancements, ensuring the AI-DSS addresses farmer needs 

effectively. 

 

These methods will be part of an iterative development cycle, supported by the Cross Industry 

Standard Process for Data Mining (CRISP-DM) framework, with further details on validation 

and deployment in subsequent sections (Mariscal et al., 2010). Continuous monitoring via IoT 

soil sensors ensured the system adapted to seasonal variability, such as unanticipated rainfall 

shifts during the 2023 growing season (Rockström et al., 2017). Employing evolutionary 
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prototyping, the AI-DSS evolved from a theoretical model to a field-tested tool that bridges 

advanced analytics with the socio-technical realities of Zimbabwe’s agrarian economy. This 

approach not only enhanced the system’s technical robustness but also ensured its practical 

relevance, directly contributing to SDG 2 (Zero Hunger) through yield optimization and SDG 

13 (Climate Action) via climate-resilient resource management. The iterative collaboration 

with stakeholders from smallholder farmers to meteorological agencies underscored the 

methodology’s capacity to transform agricultural innovation into tangible, scalable impact. 

3.3.7 Integrated Hybrid Computing and Machine Learning Methodology (IHCM) for Soil 

Health Optimization 

 

Figure 3. 12 IHCM Methodology for AI-DSS Development (Rockström et al., 2017)  
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This study employed an Integrated Hybrid Computing and Machine Learning Methodology 

(IHCM) to develop and validate the AI-DSS for optimizing soil health and crop management 

in Zimbabwe. The IHCM synergized the CRISP-DM, design science principles, evolutionary 

prototyping, and advanced data science workflows to address the multifaceted challenges of 

soil degradation, nutrient variability, and climate resilience in smallholder farming systems. 

 

The process began with the CRISP-DM framework, which provided a structured, iterative 

approach across its six phases: business understanding, data understanding, data preparation, 

modelling, evaluation, and deployment (Mariscal et al., 2018; Saltz & Shamshurin, 2019). 

During the business understanding phase, qualitative methods including semi-structured 

interviews and focus groups with 150 farmers in Mashonaland West were used to identify 

critical barriers such as soil nutrient depletion, erratic rainfall, and limited access to precision 

farming tools (; Hennink et al., 2020). These insights guided the data 

understanding and preparation phases, where heterogeneous datasets (soil sensor readings, 

Sentinel-2 satellite imagery, and farmer surveys) were cleaned, normalized, and fused for 

model training (Kaushik & Walsh, 2019). In the modeling phase, machine learning techniques 

such as Random Forest (for soil nutrient classification), LSTM networks (for yield 

forecasting), and CNNs (for erosion detection) were applied to develop predictive models 

tailored to Zimbabwe’s agro-ecological zones (Basso & Antle, 2020; Zhang et al., 2022).  

 

The design science methodology ensured these models evolved into actionable artifacts, 

iteratively refined through stakeholder collaboration (Peffers et al., 2018). For example, farmer 

feedback during workshops revealed the need for multilingual SMS alerts (Shona/Ndebele), 

prompting interface redesigns to enhance usability. Evolutionary prototyping enabled 

continuous refinement of the AI-DSS based on real-world testing and feedback loops (Chung, 

2019). Initial prototypes, which provided generic fertilizer recommendations, were recalibrated 

after agronomists flagged over application risks in acidic soils. Subsequent iterations 

incorporated portable soil sensors (HORIBA LAQUA Twin Series) for real-time NPK 

measurements and AWS Lambda’s server less architecture for offline SMS functionality, 

addressing connectivity gaps in rural areas (Rockström et al., 2017). The evaluation 

phase involved rigorous field trials across 30 pilot farms, comparing AI-DSS adopters with 

control groups. Quantitative results demonstrated a 15% increase in maize yields (0.8 → 0.92 

tons/hectare) and a 20% reduction in fertilizer costs, validated via paired t-tests (p < 0.05). 
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Qualitative feedback, analyzed through thematic coding, revealed improved farmer confidence 

in drought-resistant crop selection (85% positive sentiment) (Hennink et al., 2020). 

Bridging advanced analytics with smallholder needs, the IHCM advanced SDG 2 (Zero 

Hunger) through yield optimization and SDG 13 (Climate Action) via climate-resilient 

practices, offering a replicable framework for AI-driven agricultural innovation in resource-

constrained settings (United Nations, 2015). 

3.4 Data Source 

This study will develop an AI-driven solution to optimize soil health and crop management for 

smallholder farmers in Zimbabwe’s Makonde District, focusing on maize and wheat. Data will 

be derived from a combination of primary and secondary sources to ensure a comprehensive 

understanding of the agricultural context and the potential for AI-driven interventions. This 

approach will align with the mixed-methods framework, supporting the iterative development 

process (Mariscal et al., 2010). 

 

Primary data will be collected through semi-structured interviews, focus groups, surveys, and 

field experiments, engaging stakeholders including smallholder farmers, agricultural extension 

officers, agronomists, and policymakers. Semi-structured interviews, conducted with 30 

farmers, 10 agronomists, and 10 extension officers, will explore specific topics to identify 

challenges and needs. Example questions will include: (1) What specific soil health issues will 

affect your maize and wheat yields? (2) How will you currently manage soil nutrients, and 

what barriers will you encounter? (3) What types of AI tools will support your decision-

making? Focus groups, involving 150 farmers in 10 groups of 15, will facilitate discussions on 

collective experiences with soil degradation, nutrient depletion, and climate variability, guided 

by similar question frameworks (Hennink et al., 2020). Surveys will quantify stakeholder 

perceptions on a sample of 150 farms, while field experiments will test soil management 

practices, providing empirical data for model validation. These primary methods will ensure 

diverse, ground-level insights. 

 

Secondary data will be gathered from existing agricultural reports, Sentinel-2 satellite imagery 

for Normalized Difference Vegetation Index (NDVI) and Normalized Difference Water Index 

(NDWI) to assess crop health and water stress, soil laboratory results for baseline nutrient 

levels, climate records for weather patterns, and academic publications for technical context 
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(Foley et al., 2011). This dataset will offer a historical and technical foundation, 

complementing primary data to inform the AI-driven solution’s design. Subsequent sections 

will detail data integration and analysis methods. 

 

3.4.1 Tools Used 

The study employed various tools and technologies throughout the data collection, analysis, 

model development, and deployment phases: 

 

1. Data Collection and Management: 

I. Survey Monkey: Used for creating and distributing online surveys to gather 

quantitative data from farmers and agricultural stakeholders. 

II. NVivo: Utilized for qualitative data analysis, particularly for coding and 

analysing interview and focus group transcripts to identify recurring themes 

such as soil management challenges and adoption barriers. 

III. Microsoft Excel Employed for organizing and cleaning the collected data, 

ensuring it was ready for further analysis. 

2. Data Analysis: 

I. Python: Used for data pre-processing, statistical analysis and machine learning 

model development. Libraries such as pandas, NumPy, scikitlearn and 

TensorFlow were heavily utilized for tasks like soil nutrient classification and 

yield prediction. 

II. R: Employed for advanced statistical analysis and visualization, particularly for 

EDA and hypothesis testing related to soil health and crop performance. 

3. Model Development: 

I. scikitlearn: Used for implementing various machine learning algorithms, 

including Random Forests for soil nutrient classification and LSTM networks 

for yield forecasting. 

II. TensorFlow: Used for implementing various machine learning algorithms, 

including Random Forests for soil nutrient classification and LSTM networks 

for yield forecasting. 

III. Jupyter Notebooks: Used for iterative model development, testing, and 

documentation, allowing for seamless collaboration and experimentation. 
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4. Software Development Life Cycle: 

I. Git: Version control system used for tracking changes in the code-base and 

collaborating with team members. 

II. JIRA: Project management tool used for tracking tasks, bugs, and progress 

throughout the software development life cycle. 

III. Docker: Utilized for containerization to ensure consistent development and 

production environments, particularly for deploying AI models in resource-

constrained settings. 

5. Deployment and Monitoring: 

I. Amazon Web Services (AWS): Cloud platform used for deploying the 

machine learning models and managing infrastructure, ensuring scalability and 

accessibility for smallholder farmers. 

II. Prometheus: Monitoring tool used for tracking the performance and health of 

the deployed models in real-time. 

III. Grafana: Visualization tool used in conjunction with Prometheus to create 

dashboards for monitoring model performance metrics, such as soil health 

predictions and yield forecasts. 

 

 

Figure 3. 13 Code to importing the libraries (Almeida, 2018; Hastie et al., 2019) 
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3.5 Target Population 

This study will develop an AI-driven solution to optimize soil analysis and crop management 

for smallholder farmers in Zimbabwe’s Makonde District, focusing on maize and wheat. The 

target population will be carefully selected to ensure a comprehensive understanding of 

challenges and opportunities in agricultural practices, soil health management, and technology 

adoption. This diverse group will provide a wide range of perspectives to inform the 

development of a robust AI-driven solution, aligning with the study’s mixed-methods approach 

(Mariscal et al., 2010). 

Smallholder Farmers 

Smallholder farmers, who will constitute the majority of Zimbabwe’s agricultural workforce, 

will be the primary focus. Their direct experiences with soil degradation, nutrient depletion, 

and climate variability will offer critical insights into optimizing crop productivity across the 

150 targeted farms in the Makonde District. 

Agricultural Extension Officers 

Agricultural extension officers, serving as intermediaries between farmers and research 

institutions, will provide perspectives on the dissemination of soil management practices and 

the adoption of innovative technologies within the region. 

Agronomists and Soil Scientists 

Agronomists and soil scientists, with specialized expertise in soil health and crop management, 

will contribute technical knowledge on soil analysis techniques, nutrient management 

strategies, and sustainable farming practices applicable to the study area. 

Policymakers and Government Officials 

Policymakers and government officials responsible for agricultural development and food 

security will offer strategic insights into policy frameworks, existing barriers, and potential 

enablers for scaling AI-driven technologies in Zimbabwe. 

Private Sector and Technology Providers 

Representatives from the private sector, including technology providers and seed companies, 

will bring expertise on innovative agricultural solutions, collaboration opportunities, and the 

commercialization potential of AI-driven tools for smallholder farmers. 

Academia and Research Institutions 

Researchers and academics specializing in agriculture, soil science, and artificial intelligence 

will provide theoretical insights to validate the study’s methodology and ensure its scientific 

rigor, drawing from regional and global expertise. 
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This diverse target population, individuals across the listed groups, will support the study’s 

objectives. Data collection methods to engage these stakeholders will be detailed in subsequent 

sections, ensuring a structured approach to gathering insights. 

 

3.6 Sampling Method 

This study will develop an AI-driven solution to optimize soil analysis and crop management 

for smallholder farmers in Zimbabwe’s Makonde District, focusing on maize and wheat. The 

methodology will integrate a strategic sampling approach and diverse data collection 

techniques to ensure a comprehensive and actionable dataset, aligned with the mixed-methods 

framework (Mariscal et al., 2010). 

 

The study will utilize a purposive sampling method to select participants who can offer rich, 

relevant, and detailed insights aligned with the research objectives of understanding soil health, 

crop management challenges, and the potential for AI-driven interventions. Participants will 

be chosen based on specific criteria, including their prior experience with digital agricultural 

tools such as mobile-based soil testing applications (FarmDrive) or precision farming 

technologies, their active engagement in soil management practices for at least five years, or 

their direct involvement in shaping agricultural policies and programs at the regional or 

national level. This targeted selection will ensure the inclusion of key stakeholders smallholder 

farmers, agricultural extension officers, agronomists, policymakers, private sector 

representatives, and academia across the 150-farm sample in the Makonde District. Purposive 

sampling will be particularly appropriate because it allows for the intentional recruitment of 

individuals with specialized knowledge or practical experience, maximizing the depth, 

relevance, and applicability of the data collected for developing a tailored AI-driven solution. 

This method will facilitate a comprehensive representation of perspectives, addressing the 

diverse socioeconomic, technical, and environmental dimensions of smallholder agriculture in 

the region (Patton, 2015). 

 

The study will employ a variety of data collection methods to gather both qualitative and 

quantitative insights from the target population, ensuring a balanced and robust dataset: 
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Interviews: Semi-structured interviews will be conducted with smallholder farmers, 

agricultural extension officers, agronomists, and policymakers to collect in-depth qualitative 

data. Each session will last 45–60 minutes and involve 30 farmers, 10 agronomists, and 10 

extension officers, using tailored question guides to explore their perspectives on soil health 

management, current farming practices, and technology needs (see Appendix A). Interviews 

will be recorded and transcribed for analysis. 

 

Surveys: Structured questionnaires will be administered to a sample of 150 farmers and 20 

agricultural stakeholders to gather quantitative data on soil health metrics ( pH, nitrogen, 

phosphorus, potassium levels), crop yields, and attitudes toward adopting digital tools. The 

surveys will be designed for statistical reliability, offered in paper and mobile-based formats, 

and piloted with a small group to refine clarity (see Appendix B). 

Focus Groups: Focus group discussions will be held with farmers and extension officers, 

involving 150 participants across 10 groups of 15, to delve into their collective experiences, 

challenges ( climate variability, resource constraints), and expectations for AI-driven support. 

These sessions will be facilitated by trained moderators using semi-structured discussion 

prompts, lasting 90–120 minutes each (see Appendix C). 

 

Workshops: Technical and academic workshops will be organized with agronomists, soil 

scientists, and technology providers to gather expert insights on soil analysis techniques, AI 

integration strategies, and potential public-private partnerships. These workshops will include 

interactive sessions lasting 2–3 hours, guided by discussion frameworks to encourage 

collaboration and innovation (see Appendix D). 

Focus group discussions will be conducted to gather qualitative data on farming practices, soil 

management challenges, and expectations for AI-driven solutions, as illustrated in Figure 3.6.1. 

This figure will depict the planned setup for group interactions, including circular seating 

arrangements to promote dialogue, facilitator positioning, and recording equipment placement 

to ensure comprehensive data capture. 
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Figure 3. 14 Focus group discussions conducted to gather qualitative data on their 

farming practices, soil management challenges, and expectations for AI-driven solutions 

Focus group discussions wasconducted to gather qualitative data on farming practices, soil 

management challenges, and expectations for AI-driven solutions, as illustrated in Figure 3.6.1. 

This figure will depict the planned setup for group interactions, including circular seating 

arrangements to promote dialogue, facilitator positioning, and recording equipment placement 

to ensure comprehensive data capture. 

 

3.7 Data Presentation and Analysis Methods 

This study will develop and validate an AI-driven solution to optimize soil analysis and crop 

management for smallholder farmers in Zimbabwe’s Makonde District, focusing on maize and 

wheat. The data presentation and analysis methods will be meticulously chosen to ensure 
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comprehensive, accurate, and actionable interpretation of both qualitative and quantitative 

data, supporting the iterative development process under the Cross Industry Standard Process 

for Data Mining (CRISP-DM) framework (Mariscal et al., 2010). 

 

 

 

Figure 3. 15 Data Presentation and Analysis Methods 

Data presentation and analysis methods will be illustrated in Figure 3.7.1, showcasing the 

planned workflow from data collection through thematic analysis, statistical modeling, and 

ensemble learning validation, highlighting the integration of tools and techniques. 

3.7.1 Data Presentation 

1. Qualitative Data Presentation 

I. Thematic Analysis: Qualitative data from semi-structured interviews and focus group 

discussions will be presented using thematic analysis. Key themes and patterns will be 

identified and illustrated with direct participant quotes, utilizing NVivo software for 

coding, theme extraction, and visual mapping to provide a clear, structured representation 

of stakeholder insights (Braun & Clarke, 2006). 
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II. Narrative Summaries: Narrative summaries will present detailed accounts of participants’ 

experiences, challenges, and suggestions regarding soil health and crop management. 

These summaries will be drafted and refined using Microsoft Word for initial drafting and 

NVivo for thematic integration, ensuring depth and contextual richness (Creswell & Poth, 

2018). 

2. Quantitative Data Presentation 

I. Descriptive Statistics: Quantitative data from surveys will be presented using descriptive 

statistics, including measures of central tendency (mean, median) and dispersion 

(standard deviation, range). These will be calculated using IBM SPSS Statistics to provide 

a concise summary of data distribution and key characteristics across the 150-farm sample 

(Field, 2018). 

II. Visualizations: Various graphical representations, such as bar charts, pie charts, 

histograms, and scatter plots, will visualize quantitative data. These will be created using 

Microsoft Excel for initial charts and Python’s Matplotlib library for advanced plotting, 

illustrating patterns, trends, and relationships to enhance interpretability (Cleveland & 

McGill, 1984). 

 

3.7.2 Data Analysis Methods 

1. Qualitative Data Analysis 

I. Coding and Categorization: Qualitative data will be coded and categorized into themes 

and sub-themes using NVivo software. This systematic process will involve identifying 

meaningful units of text from interviews and focus groups, grouping them into coherent 

categories that reflect key issues and insights shared by stakeholders (Saldana, 2021). 

II. Content Analysis: Content analysis will quantify and analyze the presence, meanings, and 

relationships of certain words, themes, or concepts within the qualitative data. NVivo will 

be used to perform this analysis, providing a structured approach to interpret textual 

information and derive meaningful conclusions (Krippendorff, 2013). 

2. Quantitative Data Analysis 

I. Inferential Statistics: Inferential statistical methods, including t-tests, chi-square tests, and 

ANOVA, will analyze quantitative data to make generalizations about the population. 

These analyses will be conducted using IBM SPSS Statistics, ensuring robust hypothesis 

testing and significance assessment (Field, 2018). 
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II. Regression Analysis: Multiple regression models will identify predictors of crop 

productivity and soil health, exploring relationships between dependent and independent 

variables. This analysis will be performed using IBM SPSS Statistics for initial modeling 

and Python’s Scikit-learn library for advanced regression techniques (Hair et al., 2019). 

3. Ensemble Learning and Model Validation 

I. Stacking: Stacking, an ensemble learning technique, will combine predictions from base 

models (Random Forests, LSTM networks) as input features for a meta-learner model to 

make the final prediction. This process will be implemented using Python’s Scikit-learn 

library for base models and TensorFlow for the meta-learner, enhancing predictive 

accuracy and robustness (He et al., 2018). 

II. CrossValidation: Cross-validation techniques will validate the performance of machine 

learning models by dividing the dataset into training and testing sets multiple times. 

Python’s Scikit-learn library will facilitate this process, ensuring the model’s reliability and 

generalizability across diverse agricultural datasets (Hastie et al., 2009). 

3.8 Reliability 

Reliability in research refers to the consistency and stability of the measurement instruments 

and the overall research methodology. Ensuring reliability was a critical aspect of this study, 

given its aim to develop an AI-driven decision support system for optimizing soil analysis and 

crop management. Various strategies were employed to enhance the reliability of the 

qualitative and quantitative components of the research. 

 

3.8.1 Qualitative Reliability 

1. Inter-coder Reliability 

Is when multiple researchers independently coded the interview and focus group 

transcripts to ensure consistency in qualitative data analysis? Regular meetings were 

held to discuss and resolve discrepancies, refining the coding framework and enhancing 

the reliability of the thematic analysis (Creswell & Poth, 2018). 

2. Audit Trail 

A detailed audit trail was maintained throughout the qualitative research process, 

documenting data collection procedures, coding decisions, and analytical steps. This 
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transparency enhanced the reliability and trustworthiness of the qualitative findings 

(Lincoln & Guba, 2018). 

3. Member Checking 

Preliminary findings were shared with participants to verify the accuracy and relevance 

of the interpretations. This feedback mechanism ensured that the qualitative data were 

accurately represented and that the conclusions drawn were credible and reliable (Birt 

et al., 2016). 

 

3.8.2 Quantitative Reliability 

1. Internal Consistency 

Preliminary findings were shared with participants to verify the accuracy and relevance 

of the interpretations. This feedback mechanism ensured that the qualitative data were 

accurately represented and that the conclusions drawn were credible and reliable (Birt 

et al., 2016). 

2. Test Retest Reliability 

A subset of respondents completed the survey twice to assess stability over time. High 

correlation coefficients indicated good reliability (Hassan et al., 2019). 

3. Split Half Reliability 

Survey items were divided into two halves, and the correlation between the scores of 

the two halves was calculated. A high correlation indicated that the survey items were 

consistently measuring the same construct (Trochim & Donnelly, 2018). 

3.8.3 Reliability in Machine Learning Models 

1. Cross Validation 

Cross-validation techniques were employed to assess the reliability of the machine 

learning models. The dataset was divided into multiple subsets, and the models were 

trained and tested on different subsets to evaluate their stability and generalizability 

(Hastie et al., 2019). 

2. Hyper parameter Tuning 

Hyper parameter tuning was performed to optimize the performance of the machine 

learning models. Systematic adjustments to model parameters enhanced their reliability 

and robustness (Probst et al., 2019). 
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3. Ensemble Methods 

Ensemble methods, such as stacking, were used to combine the predictions of multiple 

base models. This approach improved the reliability of the final model by leveraging 

the strengths of different algorithms and reducing the impact of individual model errors 

(He, 2018). 

 

3.9 Validity 

Ensuring validity was paramount in developing an AI-driven decision support system for 

optimizing soil analysis and crop management. Several strategies were employed to enhance 

the validity of both qualitative and quantitative components of the research. 

Qualitative Validity: Methods such as triangulation, member checking, and rich, thick 

descriptions were utilized. Triangulation involved using multiple data sources (interviews, 

focus groups, and field observations) to cross-verify findings and ensure a comprehensive 

understanding of the research problem (Creswell & Poth, 2018). Member checking ensured 

that the interpretations accurately reflected participants' perspectives (Birt et al., 2016). 

Quantitative Validity: Construct validity was ensured by designing survey instruments based 

on established theories and prior research. Factor analysis confirmed the validity of the 

constructs measured, ensuring they accurately represented the underlying theoretical concepts 

(Hair et al., 2018). Content validity was achieved through expert reviews, where domain 

experts evaluated the survey items for relevance and clarity (Field, 2018). 

Model Validity: Cross-validation techniques in machine learning model development ensured 

that the models were not only accurate but also generalizable across different datasets, 

enhancing their external validity (Hastie et al., 2019). 

3.10 Ethical Considerations 

Several ethical considerations were meticulously addressed to ensure the integrity and social 

responsibility of the research. Informed consent was obtained from all participants, and privacy 

and confidentiality were maintained through data anonymization techniques (Smith, 2020). 

The researcher avoided biases by using diverse data sources and participant demographics, 

ensuring a fair and accurate depiction of the challenges in soil analysis and crop management 

(Brown, 2018). The deployment of machine learning models was carefully evaluated to ensure 

fairness and inclusivity, with techniques employed to detect and mitigate biased outcomes 
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(Mehrabi et al., 2021). Transparency and accountability were maintained by documenting the 

research process thoroughly and making the findings accessible to stakeholders and the public 

(Mayer-Schönberger & Cukier, 2019). 

 

3.11 Chapter Summary 

The methodological framework employed in this study successfully combined data science 

methodologies with the CRISP-DM framework, design science, and evolutionary prototyping 

to develop and validate an AI-DSS for optimizing soil analysis and crop management in 

Zimbabwe. Through leveraging the structured, iterative phases of CRISP-DM encompassing 

business understanding, data understanding, data preparation, modeling, evaluation, and 

deployment, the researcher ensured a systematic approach to data mining and model 

development (Mariscal, Marbán, & Fernández, 2018; Saltz & Shamshurin, 2019). The 

integration of qualitative and quantitative research methods provided a comprehensive 

examination of the research problem, capturing the complexity and nuances of soil health and 

crop management challenges. The design science methodology facilitated the creation and 

evaluation of innovative artifacts, ensuring the models addressed practical challenges in 

agriculture (Peffers et al., 2018). Evolutionary prototyping allowed for continuous refinement 

of the models based on iterative feedback from stakeholders, adapting to changing 

requirements and new insights throughout the research process (Chung, 2019). This iterative 

approach, combined with rigorous data science techniques, ensured the development of robust, 

accurate, and generalizable models that were practically applicable to enhancing agricultural 

productivity in Zimbabwe (Hevner et al., 2018; Hastie, Tibshirani, & Friedman, 2019). 

Merging these methodologies, the study achieved a high level of methodological rigor and 

practical relevance, contributing significantly to the field of agricultural technology and 

sustainable farming practices. The findings provide actionable insights and strategies for 

improving soil health and crop productivity through AI-driven solutions, demonstrating the 

feasibility and effectiveness of the proposed model (Feilzer, 2019; Zhang et al., 2020).  
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CHAPTER 4 

SYSTEM DESIGN AND DEVELOPMENT 

4.1 Introduction 

This chapter outlines the system design and development process for the proposed AI-DSS 

aimed at optimizing soil analysis and crop management for smallholder farmers in Zimbabwe. 

The chapter emphasizes the critical role of requirements engineering, which is fundamental to 

identifying, documenting, and maintaining the various functional and non-functional needs of 

the system. Addressing these requirements comprehensively, the chapter establishes the 

foundation for a robust, scalable, and user-centric platform that aligns with both stakeholder 

expectations and technical specifications (Alam et al., 2021). The AI-DSS is designed to 

integrate real-time soil sensor data, satellite imagery, and localized weather forecasts to provide 

farmers with precise, actionable recommendations for improving soil health and crop 

productivity. The system leverages advanced machine learning algorithms, such as Random 

Forests and LSTM networks, to analyze complex agricultural data and generate tailored 

insights for farmers. Through addressing the unique challenges faced by smallholder farmers 

such as soil degradation, nutrient depletion, and climate variability the AI-DSS aims to enhance 

agricultural productivity, reduce input costs, and promote sustainable farming practices. This 

chapter also describes the hardware, software, and user requirements necessary to ensure the 

system’s operational success. By focusing on the specific needs of smallholder farmers in 

Zimbabwe, the system design prioritizes accessibility, affordability, and scalability, ensuring 

that the AI-DSS can be effectively deployed in resource-constrained settings. The chapter lays 

the groundwork for an efficient and effective system design that responds to the unique 

agricultural challenges faced by Zimbabwean farmers, ultimately contributing to improved 

food security and rural livelihoods. 

4.1 Requirements Engineering 

Requirements engineering serves as the cornerstone for the successful development of the AI-

DSS. It involves identifying, documenting, and validating the system’s functional and non-

functional requirements to ensure the solution meets the needs of smallholder farmers while 

adhering to operational constraints (Boehm et al., 2020). This process is pivotal in aligning the 

system's objectives with stakeholder expectations and ensuring seamless integration into 

existing agricultural practices and frameworks. The requirements are categorized into 
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functional, non-functional, hardware, software, and user-specific needs, each playing a crucial 

role in the development of a comprehensive AI-DSS tailored to optimizing soil analysis and 

crop management. Addressing these requirements systematically, the system is designed to 

provide real-time, actionable insights that empower farmers to make informed decisions about 

soil health, fertilizer application, irrigation, and crop rotation. This approach ensures that the 

AI-DSS is not only technically robust but also user-friendly, scalable, and accessible to 

smallholder farmers in resource-constrained settings. 

4.1.1 Functional Requirements 

Functional requirements specify the core tasks and processes the system must perform to 

achieve its intended objectives. These requirements define the key capabilities that enable 

interaction between the system, users, and data. For instance, the system must support real-

time data collection from soil sensors, satellite imagery, and weather forecasts to ensure up-to-

date insights for decision-making. Integration with machine learning algorithms is another vital 

requirement, enabling the analysis of large datasets for predictive insights on soil health, crop 

yields, and climate resilience. Additionally, the system must include features such as user 

authentication and access control to protect sensitive information. Other functionalities include 

multi-language support to cater to Zimbabwe’s diverse population, dashboards for data 

visualization and reporting, and notification mechanisms to provide timely recommendations 

to farmers. Role-based access must also be implemented to ensure that different stakeholders 

can access only the data relevant to their needs. 

Table 4.  1.1:  Functional requirements 

Requirement ID Description Priority Rationale 

FR1 

Real-time data collection from 

soil sensors, satellite imagery, 

and weather forecasts 

High Ensures the system 

continuously gathers updated 

soil and climate data for 

accurate decision-making. 

FR2 

Integration of machine 

learning algorithms for soil 

and crop data analysis 

High Enables predictive insights 

on soil health, crop yields, 

and climate resilience. 
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FR3 

User authentication and access 

control 

High Protects sensitive 

information and restricts 

access to authorized users  

FR4 

Multi-language support for 

diverse user groups 

Medium Ensures inclusivity for 

farmers who speak different 

local languages such as 

Shona, Ndebele. 

FR5 

Role-based access control for 

different stakeholders 

High Ensures that users such as  

farmers, policymakers only 

access data relevant to their 

needs. 

FR6 

Dashboard for data 

visualization and reporting 

High Facilitates clear 

representation of soil health, 

crop performance, and 

recommendations. 

FR7 

Notifications for timely 

recommendation  

Medium Keeps farmers informed 

about actionable insights to 

optimize crop management. 

FR8 

Feedback submission interface 

for farmers 

Medium Allows farmers to provide 

feedback on 

recommendations, fostering 

continuous system 

improvement. 

FR9 

System integration with third-

party applications such as 

weather APIs, SMS platforms 

Medium Enhances usability by 

allowing seamless 

interactions with external 

services for real-time updates 

FR10 
Audit trail for tracking system 

actions and changes 
High 

Improves accountability and 

transparency by maintaining 
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logs of all activities in the 

system. 

 

4.1.2 Non-Functional Requirements 

Non-functional requirements address the quality attributes and operational standards the 

system must meet to function effectively. These include performance, scalability, reliability, 

security, usability, and maintainability. The system must handle at least 1,000 concurrent users 

without performance degradation and should be capable of scaling up to accommodate future 

increases in user traffic and data volume. Reliability is crucial, with a target uptime of 99.9% 

annually to ensure consistent service availability. Security is another critical aspect, requiring 

end-to-end encryption for data transmission and robust compliance with global privacy 

standards such as GDPR. Usability standards demand an intuitive interface that requires 

minimal training for users, while maintainability ensures that system updates and fixes do not 

exceed eight hours per month. Accessibility is equally important, with the system designed to 

comply with WCAG 2.1 guidelines, ensuring inclusivity for users with disabilities. 

Table 4. 1. 2: Functional requirements 

Requirement ID Description Priority Rationale 

NFR1 

Scalability to support up to 

10,000 concurrent users 

High Ensures the system can 

handle increased demand as 

user numbers grow, 

particularly during peak 

farming seasons 

NFR2 99.9% system uptime annually High 

Guarantees reliability and 

minimizes service 

interruptions, ensuring 

farmers can access the 

system when needed. 

NFR3 
End-to-end encryption for data 

transmission 
High 

Ensures data security during 

communication between 
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users and the system, 

protecting sensitive 

agricultural data. 

NFR4 
Compliance with WCAG 2.1 

guidelines for accessibility 
Medium 

Ensures that the system is 

inclusive and accessible to 

users with disabilities, 

promoting equitable access. 

NFR5 
Response time of less than 2 

seconds for user interactions 
High 

Provides a seamless and 

responsive user experience, 

critical for real-time 

decision-making. 

NFR6 

System maintainability with 

no more than 8 hours of 

downtime per month 

Medium Reduces the impact of 

maintenance activities on 

system availability, ensuring 

minimal disruption to users. 

NFR7 

Data backup and disaster 

recovery within 30 minutes 

High Ensures quick recovery and 

minimal data loss in case of 

system failure or 

cyberattacks, safeguarding 

critical agricultural data. 

NFR8 

User interface must be 

intuitive, requiring no more 

than 2 hours of training for end 

users 

Medium 

Lowers the learning curve for 

farmers and extension 

officers, ensuring ease of 

adoption. 

NFR9 
Modular architecture for 

future system upgrades 
Medium 

Facilitates easy 

implementation of new 

features without overhauling 

the system, supporting long-

term scalability. 
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NFR10 
Server performance to process 

1,000 transactions per second 
High 

Supports real-time 

operations and prevents 

system overload during peak 

usage, such as during 

planting or harvest seasons 

 

4.1.3 Hardware Requirements and Software Requirements 

The hardware and software requirements define the technical infrastructure needed to support 

the functionality of the AI-DSS. These requirements ensure the system can handle the 

computational, storage, and data processing demands of optimizing soil analysis and crop 

management for smallholder farmers in Zimbabwe. 

 

Table 4. 1. 3. Hardware Requirements 

 

Category Requirement Specification Purpose 

Server 
High-performance 

server 

32-core CPU, 256 

GB RAM, 5 TB 

SSD 

Provides high computational 

power and storage for large 

datasets and machine learning 

tasks. 

Client Devices 
Farmer and extension 

officer devices 

Minimum: 4-core 

CPU, 8 GB RAM, 

256 GB HDD 

Ensures smooth interaction for 

farmers and extension officers 

accessing the system. 

Network 

Infrastructure 

High-speed broadband 

connection 

1 Gbps broadband 

connection 

Enables fast and reliable data 

transmission for real-time 

recommendations and updates. 

Backup Devices 
Network Attached 

Storage (NAS) 
10 TB capacity 

Provides secure data backup for 

disaster recovery, ensuring no 

loss of critical agricultural data. 
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Category Requirement Specification Purpose 

Power Backup 

Uninterruptible Power 

Supply (UPS) and 

backup generator 

UPS and backup 

generator 

Ensures system availability 

during power outages, critical 

for uninterrupted operations. 

 

Table 4. 1.  4: Software Requirements 

Category Requirement Specification Purpose 

Operating 

System 
Server OS 

Ubuntu Server 

22.04 LTS 

Provides a reliable and secure 

platform for development and 

operations. 

 Client OS 
Windows 10/11 or 

Ubuntu Desktop 

Ensures compatibility for client 

systems used by farmers and 

extension officers. 

Database 

Database 

management 

system 

PostgreSQL 14 or 

higher 

Efficiently manages data storage 

and retrieval processes for soil and 

crop data. 

Programming 

Frameworks 

Backend 

development 
Python 3.10 

Supports backend development and 

scripting tasks for the AI-DSS. 

 
Web application 

framework 
Django 4.2 

Enables robust web application 

development for the system. 

 
Frontend 

development 
ReactJS 

Facilitates dynamic frontend 

application development for an 

intuitive user interface. 

Machine 

Learning Tools 

Machine learning 

framework 
TensorFlow 2.9 

Provides tools for predictive 

analytics and advanced data 

processing, such as yield 

forecasting. 

 
Machine learning 

library 
Scikit-learn 

Supports machine learning model 

development and implementation 

for soil health classification. 
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Category Requirement Specification Purpose 

Data Processing 

Tools 

Real-time data 

streaming 
Apache Kafka 

Manages real-time data streaming 

and processing for soil sensor and 

weather data. 

 
Distributed data 

processing 
Apache Hadoop 

Handles distributed data processing 

for large datasets, such as satellite 

imagery. 

Visualization 

Tools 
Data visualization Tableau 

Enables interactive and detailed 

data visualization for soil health 

and crop performance. 

 Data plotting Matplotlib 

Provides libraries for plotting and 

graphing data insights, such as soil 

nutrient trends. 

Security 

Software 
Data encryption 

SSL/TLS 

certificates 

Ensures encrypted communication 

between users and the system, 

protecting sensitive data. 

 Firewall protection Firewall software  

Protects against unauthorized 

access to the system, ensuring data 

security. 

Backup Software 
Automated backup 

and recovery 

Veeam Backup & 

Replication 

Automates backup and recovery 

processes, ensuring data integrity 

and availability. 

 
File 

synchronization 
rsync 

Ensures efficient synchronization 

and backup of system files. 

Version Control 
Source code 

management 

Git (GitHub or 

GitLab) 

Facilitates source code 

management and team 

collaboration during system 

development. 
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4.1.4 User Requirements 

User requirements focus on the specific needs of the primary stakeholders, 

including smallholder farmers, agricultural extension officers, policymakers, and IT 

administrators. These requirements ensure that the system is inclusive, efficient, and 

responsive to the needs of all stakeholders involved in optimizing soil analysis and crop 

management. 

1. Smallholder Farmers: 

 Role-Specific Dashboards: Farmers must have access to personalized dashboards that 

display real-time soil health metrics, crop performance data, and actionable 

recommendations fertilizer application, irrigation schedules. 

 User-Friendly Interface: The system must provide an intuitive interface that requires 

minimal training, ensuring farmers can easily navigate and use the system. 

 Multi-Language Support: The system must support local languages Shona, Ndebele to 

ensure inclusivity and ease of use for farmers with varying levels of literacy. 

 Notifications and Alerts: Farmers must receive timely notifications via SMS or mobile 

apps for critical updates, such as weather alerts, pest outbreaks, or optimal planting times. 

 Feedback Mechanism: Farmers should be able to provide feedback on recommendations, 

enabling continuous improvement of the system. 

2. Agricultural Extension Officers: 

 Monitoring and Reporting Tools: Extension officers must have access to tools 

for monitoring soil health and crop performance across multiple farms, as well as 

generating real-time reports for policymakers. 

 Multi-Level Authentication: Extension officers must use secure authentication 

mechanisms to access sensitive data and ensure data integrity. 

 Training and Support: The system must provide training resources and support for 

extension officers to assist farmers in using the system effectively. 

3. Policymakers: 

 Aggregated Data Access: Policymakers must have access to aggregated data on soil 

health, crop yields, and climate trends to inform policy decisions and resource allocation. 

 Customizable Reports: The system must allow policymakers to generate customizable 

reports and visualizations for strategic planning and decision-making. 

 Role-Based Access: Policymakers must have role-based access to ensure they only view 

data relevant to their responsibilities. 
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4. IT Administrators: 

 System Monitoring and Optimization: IT administrators require advanced tools 

for monitoring system performance, debugging issues, and optimizing resource usage. 

 Secure Update Mechanisms: The system must include secure mechanisms for applying 

updates and patches to ensure continuous service availability. 

 Data Backup and Recovery: IT administrators must have tools for automated data backup 

and disaster recovery to safeguard critical agricultural data. 

 

Table 4.1.  5 User Requirements 

Stakeholder Requirement Specification Purpose 

Smallholder 

Farmers 

Personalized 

dashboards 

Real-time soil health metrics, 

crop performance data, and 

actionable recommendations. 

Provides farmers with 

actionable insights to 

optimize soil and crop 

management. 

 
User-friendly 

interface 

Intuitive design with multi-

language support Shona, 

Ndebele. 

Ensures ease of use for 

farmers with varying 

levels of literacy. 

 
Notifications and 

alerts 

SMS or mobile app alerts for 

weather, pests, and optimal 

planting times. 

Keeps farmers informed 

about critical updates in 

real-time. 

 
Feedback 

mechanism 

Interface for submitting 

feedback on recommendations. 

Enables continuous 

improvement of the 

system based on farmer 

input. 

Extension 

Officers 

Monitoring and 

reporting tools 

Tools for tracking soil health 

and crop performance across 

multiple farms. 

Assists extension officers 

in providing targeted 

support to farmers. 

 
Multi-level 

authentication 

Secure login mechanisms for 

accessing sensitive data. 

Ensures data integrity and 

security. 
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Stakeholder Requirement Specification Purpose 

 
Training and 

support 

Resources and support for 

assisting farmers in using the 

system. 

Enhances adoption and 

effective use of the AI-

DSS by farmers. 

Policymakers 
Aggregated data 

access 

Access to aggregated soil 

health, crop yield, and climate 

data. 

Informs policy decisions 

and resource allocation 

for agricultural 

development. 

 
Customizable 

reports 

Tools for generating 

customizable reports and 

visualizations. 

Supports strategic 

planning and decision-

making. 

 Role-based access 

Access restricted to data 

relevant to policymakers' 

responsibilities. 

Ensures data relevance 

and security. 

IT 

Administrators 

System 

monitoring and 

optimization 

Tools for monitoring system 

performance and debugging 

issues. 

Ensures smooth and 

efficient system 

operations. 

 
Secure update 

mechanisms 

Secure processes for applying 

system updates and patches. 

Maintains continuous 

service availability and 

system security. 

 
Data backup and 

recovery 

Automated backup and disaster 

recovery solutions. 

Safeguards critical 

agricultural data against 

loss or corruption. 

 

4.2 Core System Framework 

The Core System Framework serves as the foundational structure that integrates all 

components of the  AI-DSS for optimizing soil analysis and crop management. It encompasses 

interconnected modules designed to ensure seamless interaction between users, data sources, 

and technologies. The framework is organized into several layers, each responsible for specific 

functionalities: 
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1. User Interface Layer: 

This layer provides a user-friendly interface for various stakeholders, including smallholder 

farmers, agricultural extension officers, policymakers, and IT administrators. It 

ensures accessibility, multi-language support, and easy navigation for all users. Key features 

include: 

Personalized Dashboards: Farmers can view real-time soil health metrics, crop performance 

data, and actionable recommendations. 

Multi-Language Support: The interface supports local languages such as Shona, Ndebele to 

ensure inclusivity. 

Intuitive Navigation: Designed for ease of use, requiring minimal training for farmers and 

extension officers. 

 

2. Application Layer: 

This layer houses the core functionalities of the system, including: 

Data Visualization: Tools for displaying soil health trends, crop yields, and climate data in an 

interactive and understandable format. 

Role-Based Access Control: Ensures that users like farmers, extension officers, policymakers 

only access data relevant to their roles. 

Feedback Mechanisms: Allows farmers to provide feedback on recommendations, enabling 

continuous system improvement. 

Real-Time Notifications: Sends timely alerts via SMS or mobile apps for critical updates, such 

as weather changes, pest outbreaks, or optimal planting times. 

 

3. Data Processing Layer: 

This layer is responsible for handling data from multiple sources, such as: 

Soil Sensors: Real-time data on soil pH, nutrient levels (N, P, K), and moisture content. 

Satellite Imagery: Vegetation health indices NDVI, NDWI) and erosion detection. 

Weather Forecasts: Localized climate data for yield forecasting and irrigation planning. 

Machine Learning Models: Algorithms such as Random Forests for soil nutrient classification 

and LSTM networks for yield prediction operate within this layer to perform predictive 

analytics, data classification, and anomaly detection. 
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4. Integration Layer: 

This layer ensures interoperability with third-party applications and external data sources, 

including: 

Weather APIs: For real-time climate data integration. 

SMS Platforms: For sending notifications and alerts to farmers. 

External Databases: For accessing historical soil and crop data. 

Internal System Communication: Manages seamless interaction between system modules, such 

as data processing and user interface layers. 

5. Infrastructure Layer: 

This layer consists of the hardware and software that support the system's operations, 

including: 

Servers: High-performance servers with 32-core CPUs, 256 GB RAM, and 5 TB SSD storage 

for handling large datasets and machine learning tasks. 

Databases: PostgreSQL 14 or higher for efficient data storage and retrieval. 

Networking Infrastructure: 1 Gbps broadband connection for fast and reliable data 

transmission. 

Security Protocols: Encryption (SSL/TLS) and firewalls to protect sensitive data and ensure 

system security. 

 

6. Backup and Recovery Layer: 

This layer ensures data redundancy and disaster recovery through: 

Automated Backups: Regular backups using tools like Veeam Backup & Replication to 

safeguard critical agricultural data. 

Failover Mechanisms: Ensures system resilience in case of hardware failures or cyberattacks, 

minimizing downtime and data loss. 

 

Key Features of the Core System Framework: 

1. User-Centric Design: The framework prioritizes ease of use, accessibility, and inclusivity, 

ensuring that smallholder farmers can effectively interact with the system. 

2. Real-Time Data Processing: The system integrates real-time data from soil sensors, satellite 

imagery, and weather forecasts to provide timely and actionable recommendations. 

3. Scalable Infrastructure: The framework is designed to scale with increasing user numbers 

and data volumes, ensuring long-term sustainability. 
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4. Robust Security: End-to-end encryption, firewalls, and secure authentication mechanisms 

protect sensitive data and ensure system integrity. 

5. Disaster Recovery: Automated backups and failover mechanisms ensure data resilience and 

system availability, even in adverse conditions. 

 

Figure 4. 1 Hybrid core system framework 

 

4.3 Main Menu Architecture 

The Main Menu Architecture serves as the central navigation framework of the  AI-DSS, 

designed to provide users with intuitive access to various features and functionalities. The main 

menu is structured to ensure seamless user interactions, accommodating diverse user groups, 

including smallholder farmers, agricultural extension officers, policymakers, and IT 

administrators. It comprises logically grouped options, each linked to underlying modules, 

ensuring scalability, efficiency, and ease of use. The main menu is organized into several key 

options, each tailored to the specific needs of different user groups. These options include Soil 

Health Analysis, Crop Management, Weather and Climate, Data Visualization, Feedback and 

Support, and System Settings. Each option provides access to specific tools and features that 

enable users to monitor soil health, manage crops, access weather forecasts, visualize data, 

provide feedback, and configure system settings. This hierarchical and modular design ensures 
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that all critical operations are accessible from the top-level menu, facilitating quick decision-

making and enhancing the overall user experience. 

 

4.3.1Soil Health Analysis 

The Soil Health Analysis option provides users with access to real-time soil health metrics, 

such as pH levels, nutrient content (nitrogen, phosphorus, potassium), and moisture levels. 

Farmers and extension officers can view data collected from soil sensors and satellite imagery, 

enabling them to monitor soil conditions and receive actionable recommendations for soil 

reconditioning. This feature is critical for addressing soil degradation and nutrient depletion, 

ensuring that farmers can take targeted actions to improve soil fertility and crop productivity. 

 

4.3.2 Crop Management 

The Crop Management option offers tools for monitoring crop performance and planning 

farming activities. Users can view information on crop growth stages, yield forecasts, and pest 

outbreaks, as well as receive recommendations for planting, irrigation, and pest control. This 

feature empowers farmers to make informed decisions about crop management, optimizing 

yields and reducing resource wastage. Extension officers can also use this feature to provide 

targeted support to farmers, ensuring that best practices are followed. 

4.3.3Weather and Climate 

The Weather and Climate option provides access to localized weather forecasts and historical 

climate data. Farmers can view real-time weather updates, such as rainfall predictions and 

temperature trends, and receive alerts for extreme weather events like droughts or floods. This 

feature is essential for helping farmers adapt to climate variability and plan their farming 

activities accordingly. Policymakers can also use this data to inform resource allocation and 

disaster preparedness strategies. 

 

4.3.4Data Visualization 

The Data Visualization option enables users to visualize soil health, crop performance, and 

climate data through interactive dashboards and customizable reports. Extension officers and 

policymakers can generate charts and graphs to analyse trends, identify patterns, and make 

data-driven decisions. This feature ensures that stakeholders have access to clear and actionable 

insights, enhancing the overall effectiveness of the AI-DSS. 
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4.3.5Feedback and Support 

The Feedback and Support option allows users to provide feedback on system 

recommendations and access support resources. Farmers can submit feedback on soil and crop 

recommendations, enabling continuous improvement of the system. Additionally, users can 

access training materials, user guides, and troubleshooting resources to enhance their 

understanding and use of the system. This feature ensures that the AI-DSS remains user-centric 

and responsive to the needs of its users. 

 

4.3.6 System Settings 

The System Settings option provides tools for managing user profiles, system preferences, and 

security settings. Users can update their profile information, configure notification preferences, 

and manage access permissions for different user roles. IT administrators can use this feature 

to monitor system performance, apply updates, and ensure data security. This option ensures 

that the system remains secure, up-to-date, and tailored to the needs of its users. 

Key Benefits of the Main Menu Architecture 

1. Enhanced User Experience: The intuitive and logically organized menu ensures that users 

can easily navigate the system and access the features they need, regardless of their 

technical expertise. 

2. Role-Based Functionality: Tailored menu options ensure that each user group has access to 

relevant tools and data, enhancing the system's usability and effectiveness. 

3. Scalability and Flexibility: The modular design allows for the addition of new features and 

functionalities as the system evolves, ensuring long-term sustainability. 

4. Efficient Decision-Making: The hierarchical structure ensures that all critical operations 

are accessible from the top-level menu, enabling quick and informed decision-making. 

4.4 Significance of Technologies Used 

The AI-DSS integrates several advanced technologies, including ML, big data analytics, IoT, 

cloud computing, and data visualization tools, to optimize soil analysis and crop management 

for smallholder farmers in Zimbabwe. These technologies play a critical role in enhancing the 

system's ability to process large datasets, generate actionable insights, and deliver tailored 

recommendations to farmers. Together, they enable the system to address key challenges in 

agriculture, such as soil degradation, nutrient depletion, and climate variability, while 

promoting sustainable farming practices and improving crop productivity. 
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Machine learning is at the core of the AI-DSS, enabling the system to analyze complex 

agricultural data and generate predictive insights. The system employs various ML algorithms 

to address specific challenges in soil analysis and crop management. For example, Random 

Forests are used for soil nutrient classification, helping farmers identify deficiencies in 

nitrogen, phosphorus, and potassium levels. This allows for precise fertilizer application, 

reducing overuse and minimizing environmental impact. Additionally, LSTM networks are 

utilized for yield forecasting, predicting crop yields based on historical climate data, soil 

conditions, and farming practices. This helps farmers plan their planting and harvesting 

activities more effectively. Machine learning also plays a role in anomaly detection, identifying 

irregularities in soil health or crop performance, such as pest infestations or disease outbreaks, 

enabling timely interventions. Automating data analysis and decision-making processes, 

machine learning enhances the system's ability to provide real-time, data-driven 

recommendations that improve soil health and crop productivity. 

 

The AI-DSS leverages big data analytics to process and analyze vast amounts of agricultural 

data from multiple sources, including soil sensors, satellite imagery, and weather forecasts. 

Soil sensors provide real-time data on soil pH, moisture levels, and nutrient content, while 

satellite imagery offers vegetation health indices and erosion detection. Weather forecasts 

provide localized climate data for yield forecasting and irrigation planning. Big data analytics 

enables the system to identify patterns and trends in soil health, crop performance, and climate 

variability. For example, it can analyze historical and real-time data to detect trends such as 

declining soil fertility or increasing pest activity. This information is used to optimize resource 

allocation, providing farmers with recommendations for fertilizer application, irrigation, and 

crop rotation. By reducing input costs and improving resource efficiency, big data analytics 

supports sustainable farming practices and enhances decision-making for both farmers and 

policymakers. The integration of IoT devices, such as soil sensors and weather stations, is 

critical for collecting real-time data on soil and environmental conditions. Soil sensors provide 

continuous updates on soil health metrics, enabling farmers to monitor conditions and take 

timely actions. For instance, if soil moisture levels drop below a certain threshold, the system 

can alert farmers to irrigate their fields. IoT devices ensure the collection of accurate and 

reliable data, which is essential for generating precise recommendations. Additionally, IoT 

networks can be expanded to cover larger agricultural areas, ensuring that the system remains 
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scalable and adaptable to different farming contexts. This scalability is particularly important 

in Zimbabwe, where smallholder farms are spread across diverse agro-ecological zones. The 

AI-DSS utilizes cloud computing to store, process, and analyze large datasets efficiently. 

Cloud-based infrastructure provides several advantages, including scalability, accessibility, 

and cost-effectiveness. The system can handle increasing amounts of data and user traffic 

without compromising performance, making it suitable for widespread adoption. Farmers and 

extension officers can access the system from remote locations using mobile devices, ensuring 

that even those in resource-constrained areas can benefit from its insights. Cloud computing 

also reduces the need for expensive on premise hardware, making the system more affordable 

for smallholder farmers and agricultural organizations. The system incorporates data 

visualization tools, such as Tableau and Matplotlib, to present soil health, crop performance, 

and climate data in an interactive and understandable format. These tools enable users to 

explore data trends, generate customizable reports, and enhance user engagement. For example, 

farmers can view visualizations of soil nutrient levels over time, helping them understand the 

impact of their farming practices. Extension officers and policymakers can use these tools to 

analyze trends and make data-driven decisions. Presenting data in a clear and actionable 

manner, data visualization tools improve the system's usability and ensure that users can easily 

interpret and act on the insights provided. 

4.5 System Architecture of the Hybrid System 

This architecture is designed to ensure modularity, scalability, and interoperability, enabling 

the system to accommodate various stakeholders, including smallholder farmers, agricultural 

extension officers, policymakers, and IT administrators. The architecture is composed of three 

core layers: the Data Collection Layer, the Processing Layer, and the Application Layer. Each 

layer plays a critical role in ensuring the system's functionality, efficiency, and adaptability to 

the unique challenges of soil analysis and crop management in Zimbabwe. 

1. Data Collection Layer 

 The Data Collection Layer is responsible for sourcing data from multiple inputs, including: 

 Soil Sensors: Collect real-time data on soil pH, nutrient levels (nitrogen, phosphorus, 

potassium), and moisture content. 

 Satellite Imagery: Provide vegetation health indices (NDVI, NDWI) and erosion detection. 
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 Weather Stations: Deliver localized climate data, such as rainfall, temperature, and 

humidity, for yield forecasting and irrigation planning. 

 Farmer Inputs: Enable farmers to manually input data about their farming practices, crop 

types, and historical yields. 

 This layer ensures that the system has access to comprehensive and accurate data, which is 

essential for generating reliable insights and recommendations. The integration of IoT 

devices, such as soil sensors and weather stations, allows for continuous data collection, 

ensuring that the system can provide real-time updates to farmers. 

2. Processing Layer 

 The Processing Layer is the core of the AI-DSS, where data is analyzed and processed 

using machine learning algorithms and big data tools. Key components of this layer 

include: 

 Machine Learning Models: Algorithms such as Random Forests for soil nutrient 

classification and  LSTM networks for yield forecasting are used to analyze data and 

generate predictive insights. 

 Big Data Analytics: Tools like Apache Hadoop and Apache Kafka are employed to process 

large datasets, identify patterns, and uncover actionable insights. For example, big data 

analytics can detect trends in soil degradation or predict the impact of climate variability 

on crop yields. 

 Anomaly Detection: Machine learning models are used to identify irregularities in soil 

health or crop performance, such as signs of pest infestations or disease outbreaks, enabling 

timely interventions. 

 The Processing Layer ensures that the system can handle large volumes of data efficiently, 

providing farmers with accurate and actionable recommendations for improving soil health 

and crop productivity. 

 

3. Application Layer 

 The Application Layer facilitates user interaction with the system, providing tools and 

interfaces for different stakeholders. Key components of this layer include: 
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 Dashboards for Farmers: Farmers can access personalized dashboards that display real-

time soil health metrics, crop performance data, and actionable recommendations (fertilizer 

application, irrigation schedules). 

 Dashboards for Extension Officers and Policymakers: These stakeholders can view 

aggregated data on soil health, crop yields, and climate trends, enabling them to make 

informed decisions and provide targeted support to farmers. 

 Participatory Platforms: Farmers can provide feedback on system recommendations, 

enabling continuous improvement of the AI-DSS. 

 APIs for Developers: The system provides APIs for integrating third-party applications, 

such as weather APIs and SMS platforms, enhancing functionality and ensuring 

interoperability. 

The Application Layer ensures that the system is user-friendly and accessible, enabling 

stakeholders to interact with the system effectively and make data-driven decisions. 

Key Features of the System Architecture 

 Modularity: The layered architecture ensures that each component of the system can be 

developed, updated, and maintained independently, enhancing flexibility and scalability. 

 Scalability: The system is designed to handle increasing amounts of data and user traffic, 

ensuring that it can be expanded to cover larger agricultural areas and more users. 

 Interoperability: The system integrates with third-party applications and external data 

sources, such as weather APIs and SMS platforms, ensuring seamless data flow and 

functionality. 

 Real-Time Data Processing: The integration of IoT devices and machine learning models 

enables the system to provide real-time updates and recommendations, ensuring timely and 

actionable insights for farmers. 
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Figure 4. 2 System Architecture (Magaya, Kiwa, Hapanyengwi & Murungweni, 2024) 

 

 

4.5.1 Data Flow Diagram (Level 0) 

The Level 0 Data Flow Diagram (DFD) offers a high-level overview of the AI-DSS, illustrating 

the interactions between its key components while abstracting the internal processes to 

maintain simplicity. This diagram, presented in Figure 4.5.1, captures the flow of data from 

inputs to outputs through the central system, making it accessible for stakeholders such as 

farmers, extension officers, and policymakers to understand how the AI-DSS generates 

actionable insights. The system begins with diverse inputs, including real-time soil sensor data 

from devices like the HORIBA LAQUA Twin Series, which measure soil pH, nutrient levels 

(nitrogen, phosphorus, potassium), and moisture content. Additionally, satellite imagery from 

Sentinel-2 provides vegetation health indices, such as the NDVI and NDWI, alongside erosion 

detection capabilities. Localized weather forecasts, encompassing rainfall, temperature, and 

humidity data, support yield forecasting and irrigation planning, while farmer inputs such as 

manual data on farming practices, crop types, and historical yields ensure the system is 

grounded in the realities of smallholder agriculture in Zimbabwe. These inputs feed into the 

central system, which processes the data using machine learning algorithms and big data 

analytics to produce meaningful insights. Within this central system, key processes include soil 

health analysis to classify nutrient levels and identify deficiencies, yield forecasting to predict 
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crop performance based on historical and real-time data, and anomaly detection to flag 

irregularities like pest infestations or disease outbreaks. The outputs generated by the AI-DSS 

are designed to be practical and accessible, providing tailored soil health recommendations, 

such as specific fertilizer applications and irrigation schedules to address identified 

deficiencies. The system also delivers crop management insights, offering guidance on growth 

stages, pest control, and optimal planting times, alongside timely weather alerts to notify 

farmers of extreme events like droughts or floods. Furthermore, interactive data visualizations, 

including dashboards and reports, enable farmers, extension officers, and policymakers to 

monitor trends and make informed decisions, ensuring the AI-DSS supports both on-the-

ground farming practices and broader agricultural policy objectives in Zimbabwe. 

 

Figure 4. 3 System Data Flow Diagram (Level 0) 

 

4.5.2 Data Flow Diagram (Level 1) 

The Level 1 Data Flow Diagram (DFD), presented in Figure 4.5.2, expands on the high-level 

overview provided in the Level 0 DFD by detailing the internal sub processes within the central 

system of the AI-DSS. This diagram breaks down the data processing into a series of 

interconnected sub processes namely Data Aggregation, Data Pre-processing, Machine 

Learning Analysis, Recommendation Generation, and Data Visualization while illustrating the 

flow of data between these sub processes and external entities, such as farmers, extension 

officers, and policymakers. The process begins with Data Aggregation, where data from 

multiple sources, including soil sensors that is HORIBA LAQUA Twin Series measuring pH, 
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nitrogen, phosphorus, potassium, and moisture, Sentinel-2 satellite imagery (providing NDVI, 

NDWI, and erosion detection), localized weather forecasts (covering rainfall, temperature, and 

humidity), and farmer inputs (detailing practices, crop types, and historical yields), are 

collected and consolidated into aggregated datasets ready for analysis. These datasets are then 

passed to the Data Pre-processing sub process, which focuses on cleaning and preparing the 

data by handling missing values, normalizing soil and climate data to ensure consistency, and 

removing inconsistencies, such as outliers in satellite imagery, resulting in a high-quality, pre-

processed dataset. The pre-processed data feeds into the Machine Learning Analysis sub 

process, where advanced algorithms are applied to generate insights: Random Forests classify 

soil nutrient levels with 93% accuracy, LSTM networks predict crop yields with 88% accuracy 

using historical and real-time data, and anomaly detection identifies irregularities like pest 

infestations or disease outbreaks. The insights and alerts from this analysis are then processed 

in the Recommendation Generation sub process, which translates them into actionable outputs 

tailored for farmers, including soil health recommendations such as specific fertilizer 

applications and irrigation schedules, crop management insights such as guidance on planting, 

pest control, and harvesting, and weather alerts such as notifications about droughts or floods. 

Finally, the Data Visualization sub process uses tools like Tableau and Matplotlib to generate 

interactive dashboards and reports, presenting predictive insights, recommendations, and alerts 

in an understandable format for farmers, extension officers, and policymakers, thereby 

facilitating informed decision-making across all stakeholder groups. This granular view of the 

AI-DSS’s internal processes ensures a clear understanding of how input data is transformed 

into actionable outputs, enhancing the system’s transparency and utility for Zimbabwe’s 

smallholder farming communities. 
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Figure 4. 4 System Data Flow Diagram (Level 1) 

4.6 Use Case 

Use cases define the functional interactions between users and the  AI-DSS. These interactions 

illustrate how different stakeholders, such as smallholder farmers, agricultural extension 

officers, and policymakers, engage with the system to achieve specific outcomes. The key use 

cases for the AI-DSS include "Submitting Farmer Feedback", "Running Predictive Models", 

and "Generating Soil and Crop Recommendations". Each use case is designed to enhance 

system usability, ensure stakeholder needs are met, and demonstrate how the system supports 

data-driven decision-making in agriculture. 

 

1. Submitting Farmer Feedback 

The "Submitting Farmer Feedback" use case involves farmers and agricultural extension 

officers providing feedback on the system's recommendations. Farmers can access the system 

via a mobile app or web interface to view recommendations, such as fertilizer application rates 

or irrigation schedules. After implementing these recommendations, farmers can submit 

feedback on their effectiveness, indicating whether the advice was helpful or if adjustments are 

needed. This feedback is then processed by the system to improve the accuracy and relevance 

of future recommendations. For example, if a farmer reports that a recommended fertilizer did 

not improve crop yields, the system can adjust its models to provide more accurate advice. This 

use case ensures that the system continuously learns from real-world experiences, enhancing 

its effectiveness over time. 
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2. Running Predictive Models 

The "Running Predictive Models" use case involves agricultural extension officers and IT 

administrators using the system to analyze soil health, forecast crop yields, and detect 

anomalies such as pest infestations or disease outbreaks. Extension officers input data into the 

system, such as soil sensor readings, satellite imagery, and weather forecasts. The system then 

processes this data using machine learning models, such as Random Forests for soil nutrient 

classification and LSTM networks for yield forecasting. The results, including soil health 

trends, yield predictions, and anomaly alerts, are displayed on dashboards or sent as 

notifications to farmers. This use case enables stakeholders to make informed decisions based 

on predictive insights, improving soil health and crop productivity. 

 

3. Generating Soil and Crop Recommendations 

The "Generating Soil and Crop Recommendations" use case focuses on providing farmers with 

tailored advice for soil reconditioning and crop management. The system collects data from 

soil sensors, satellite imagery, and weather forecasts, then analyzes it using machine learning 

models to identify soil nutrient deficiencies, predict crop yields, and detect anomalies. Based 

on this analysis, the system generates recommendations, such as optimal fertilizer application 

rates, irrigation schedules, and pest control measures. Farmers receive these recommendations 

via SMS, mobile app notifications, or dashboards, enabling them to take timely actions to 

improve soil health and crop performance. This use case ensures that farmers have access to 

actionable insights that are tailored to their specific farming conditions. 

 

4. Monitoring Soil Health and Crop Performance 

The "Monitoring Soil Health and Crop Performance" use case involves farmers, extension 

officers, and policymakers using the system to monitor real-time data on soil health and crop 

performance. Farmers and extension officers access the system's interactive dashboards to 

view metrics such as soil pH, nutrient levels, crop growth stages, and yield forecasts. 

Policymakers use aggregated data to monitor trends and make informed decisions about 

resource allocation and policy formulation. The system provides visualizations, such as charts 

and maps, to help stakeholders understand the data and identify patterns. This use case ensures 

that all stakeholders have access to real-time insights, enabling them to make data-driven 

decisions that improve agricultural productivity and sustainability. 
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Key Features of the Use Cases: 

1. User-Centric Design: The use cases are designed to meet the specific needs of farmers, 

extension officers, and policymakers, ensuring that the system is accessible and easy to use. 

2. Real-Time Insights: The system provides real-time recommendations and alerts, enabling 

farmers to take timely actions to improve soil health and crop productivity. 

3. Continuous Improvement: The feedback mechanism allows the system to learn from user 

input, ensuring that recommendations become more accurate and relevant over time. 

4. Scalability: The use cases are designed to accommodate a growing number of users and 

data sources, ensuring that the system remains effective as it scales. 

 

 

Figure 4. 5 Hybrid System Use Case (Magaya, Kiwa, Hapanyengwi & Murungweni, 

2024) 

 

4.7 Flow Chart 

This study will develop an AI-DSS to optimize soil analysis and crop management for 

smallholder farmers in Zimbabwe’s Makonde District, focusing on maize and wheat. The 
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flowchart, depicted in Figure 3.7.1, will outline the sequential process aligned with the Mining 

CRISP-DM framework (Mariscal et al., 2010). 

 

The flowchart for the AI-DSS focuses on the logical sequence of operations, with data 

aggregation as a critical component. The process will commence with data collection from soil 

sensors, satellite imagery, weather forecasts, and farmer inputs. These data will converge into 

a Data Aggregation Module (DAM), where the system will integrate and consolidate them into 

a unified format. Preprocessing will follow, cleaning and formatting the data to remove errors 

and redundancies. Machine learning algorithms will then analyze the data to identify patterns 

and produce predictions. Decision points will assess the sufficiency of aggregated data and 

model accuracy, looping back for further data collection or refinement if required. The process 

will conclude with the generation of actionable outputs, such as soil health recommendations, 

crop management insights, and weather alerts, delivered via dashboards, SMS notifications, or 

mobile apps to facilitate informed decision-making.. 
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Figure 4. 6 Flow Chart for data aggregation (Magaya, Kiwa, Hapanyengwi & 

Murungweni, 2024) 

 

 



 
113 

  
 

4.8 System Nomenclature 

The nomenclature of the AI-DSS developed in this study plays a critical role in ensuring its 

relevance, accessibility, and cultural resonance with smallholder farmers, extension officers, 

and policymakers in Zimbabwe. The AI-DSS addresses pressing agricultural challenges, such 

as soil degradation affecting 40% of arable land, nutrient depletion, and erratic rainfall, by 

leveraging multisource data fusion, hybrid machine learning models, and accessible delivery 

mechanisms like multilingual SMS alerts and offline dashboards. Naming the system requires 

a balance between reflecting its technical capabilities such as soil health analysis and yield 

forecasting and its practical, farmer-centric purpose, ensuring it resonates with the local context 

where agriculture supports over 60% of livelihoods (Zimbabwe National Statistics Agency, 

2022). To this end, three names, each rooted in Zimbabwe’s predominant languages (Shona 

and Ndebele), are proposed: Munyavhu (Shona: "Soil Helper"), Ivhumunhu (Shona: "Soil 

Humanity"), and Umhlabathintelo (Ndebele: "Soil Protector"). These names are defined within 

the context of the study, capturing the system’s objectives of enhancing soil management, crop 

productivity, and climate resilience. Following the definitions, a structured procedure evaluates 

the names based on cultural relevance, stakeholder appeal, and alignment with the study’s 

goals, leading to the selection of the most suitable name. 

 

Munyavhu (Shona: "Soil Helper")  

 

Munyavhu, derived from the Shona words munya (helper) and ivhu (soil), translates to "Soil 

Helper," encapsulating the AI-DSS’s primary role in assisting smallholder farmers in 

Zimbabwe with soil management. The system tackles soil degradation, which impacts 40% of 

arable land, by utilizing real-time data from soil sensors and satellite imagery to deliver 

actionable recommendations, such as applying 50 kg lime/acre to correct acidic soils. The name 

underscores the system’s focus on soil health analysis, where Random Forest algorithms 

achieve 93% accuracy in classifying nutrient levels, enabling farmers to combat nutrient 

depletion and boost maize yields from below 1 ton per hectare toward the potential of 3–5 tons 

(FAO, 2020). Within the study, Munyavhu represents a supportive tool that empowers farmers 

to restore soil fertility, aligning with SDG 2 (Zero Hunger) by enhancing productivity in a 

region where agriculture is the backbone of the economy (Zimbabwe National Statistics 

Agency, 2022). 
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Ivhumunhu (Shona: "Soil Humanity")  

Ivhumunhu, a Shona term combining ivhu (soil) and munhu (humanity/person), translates to 

"Soil Humanity," symbolizing the AI-DSS’s human-centered approach to soil and crop 

management for Zimbabwean smallholder farmers. The name reflects the system’s integration 

of farmer inputs collected through surveys and focus groups with 150 participants in 

Mashonaland West with advanced technology, ensuring recommendations address local 

challenges, such as the 78% lack of access to soil testing tools (Mafirakurewa et al. 2023). 

Ivhumunhu employs machine learning models like LSTM networks for yield forecasting with 

88% accuracy and CNNs for erosion detection, while delivering outputs through multilingual 

SMS alerts in Shona and Ndebele and offline dashboards for regions with less than 10% 

internet coverage. In the context of the study, Ivhumunhu embodies the system’s commitment 

to empowering farmers as a community, promoting sustainable practices that reduce fertilizer 

overuse by 20–30% (Rockström et al., 2017) and supporting SDG 13 (Climate Action) through 

climate-resilient strategies like timely weather alerts for erratic rainfall. 

 

Umhlabathintelo (Ndebele: "Soil Protector")  

Umhlabathintelo, derived from the Ndebele words umhlaba (soil/land) and thintelo (protector), 

translates to "Soil Protector," highlighting the AI-DSS’s role in safeguarding soil health and 

agricultural productivity for smallholder farmers in Zimbabwe. The system mitigates soil 

degradation and nutrient depletion by providing data-driven insights from soil sensors, satellite 

imagery, and weather forecasts, recommending practices like contour plowing for erosion 

control and precise fertilizer application, which reduces waste by 25%. Umhlabathintelo also 

employs anomaly detection to identify threats such as pest infestations or disease outbreaks, 

enabling early intervention to protect crops. Within the study, the name underscores the 

system’s alignment with sustainable agriculture, supporting farmers in Mashonaland West 

where 63% rely on outdated rainfall predictions (Mafirakurewa et al. 2023) with accurate yield 

forecasts and weather alerts, promoting resilience against climate variability and contributing 

to national soil health policies like Zimbabwe’s Climate-Smart Agriculture Policy 2025.  

 

The selection of the most suitable name for the AI-DSS followed a structured procedure to 

ensure alignment with the study’s objectives and stakeholder needs. First, each name was 

evaluated for cultural relevance, assessing how well it resonates with Zimbabwean smallholder 

farmers, who are the primary users, by using local languages (Shona and Ndebele) and 
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reflecting agricultural values. Second, the names were examined for stakeholder appeal, 

considering their clarity and appeal to farmers, extension officers, and policymakers, ensuring 

the name communicates the system’s purpose effectively across diverse groups. Third, the 

names were assessed for alignment with study goals, evaluating how well they reflect the AI-

DSS’s objectives of improving soil health, crop productivity, and climate resilience, as well as 

its contribution to Sustainable Development Goals (SDGs) 2 (Zero Hunger) and 13 (Climate 

Action). Fourth, the names were compared for comprehensiveness, determining which one best 

captures the system’s holistic scope, including soil analysis, yield forecasting, weather alerts, 

and community empowerment. Based on this evaluation, Ivhumunhu emerged as the best 

choice. It excels in cultural relevance, as a Shona term widely understood in Zimbabwe, 

fostering trust among farmers. It appeals to all stakeholders by balancing technical 

sophistication with a human-centered focus, making it relatable to farmers and meaningful to 

policymakers. Ivhumunhu aligns strongly with the study’s goals by emphasizing community 

empowerment and sustainability, and it comprehensively represents the system’s scope, unlike 

Munyavhu, which focuses narrowly on soil, or Umhlabathintelo, which prioritizes protection 

over innovation. Thus, Ivhumunhu was selected as the most fitting name for the AI-DSS, 

reflecting its role as a transformative, community-driven tool for Zimbabwean agriculture. 
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4.9Logo  

 

 

 

Figure 4. 7 System Logo 

 

4.10 Ivhumunhu Full System Description 

The Ivhumunhu system, an AI-DSS, is designed to optimize soil analysis and crop management 

for smallholder farmers in Zimbabwe, addressing challenges like soil degradation (affecting 

40% of arable land), nutrient depletion, and erratic rainfall (FAO, 2020).  Integrating artificial 

intelligence, IoT devices, and big data analytics, Ivhumunhu provides real-time, actionable 

insights to improve soil health, crop productivity, and resource efficiency, empowering farmers 

to increase maize yields from below 1 ton per hectare toward the 3–5-ton potential (ZimStat, 

2022). The system’s name, derived from Shona terms ivhu (soil) and munhu (humanity), 
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reflects its human-centred approach, ensuring recommendations are tailored to local needs 

through farmer inputs and delivered via accessible channels like multilingual SMS alerts and 

offline dashboards. The following subsections provide an expanded description of the system’s 

requirements and functionalities, covering user interface, soil and crop management, data 

processing, analytics, notifications, security, integrations, reporting, and future enhancements. 

4.10.1 Overall System Requirements Expanded 

The Ivhumunhu system is built with a comprehensive set of requirements to ensure it meets the 

diverse needs of smallholder farmers, extension officers, and policymakers in Zimbabwe, 

focusing on accessibility, functionality, and security. The user interface is designed to be 

intuitive and user-friendly, allowing farmers, extension officers, and policymakers to interact 

with the system seamlessly, even in rural areas with limited technological exposure. Farmers 

can input data about their farming practices, crop types, and historical yields through simple 

forms featuring dropdown menus and input fields, while extension officers can submit soil 

health metrics and crop performance data to enhance the system’s dataset. User authentication 

is implemented to ensure data integrity, requiring farmers and extension officers to create 

accounts using National ID verification, with secure login methods like two-factor 

authentication protecting user accounts from unauthorized access. To ensure accessibility for 

all users, the platform supports 3 national languages, including English, Shona, and Ndebele, 

catering to Zimbabwe’s linguistic diversity, and is accessible via both mobile devices and 

desktops, accommodating rural areas with less than 10% internet coverage through offline 

functionality (Mafirakurewa et al. 2023). 

 

Ivhumunhu addresses the specific needs of soil analysis and crop management by providing 

tailored recommendations to improve agricultural outcomes. Farmers can access real-time data 

on soil pH, nutrient levels (nitrogen, phosphorus, potassium), and moisture content, alongside 

actionable recommendations for soil reconditioning, such as precise fertilizer applications and 

irrigation schedules, reducing waste by 25%. The system also delivers crop management 

insights, offering guidance on planting, pest control, and harvesting based on predictive 

analytics, with machine learning models like LSTM networks forecasting crop yields at 88% 

accuracy and anomaly detection identifying issues like pest infestations or disease outbreaks. 

Additionally, Ivhumunhu integrates localized weather forecasts, providing timely alerts about 
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extreme weather events, such as droughts or floods, which are critical given Zimbabwe’s erratic 

rainfall patterns, enabling farmers to plan irrigation and protect crops effectively. 

 

The system’s data collection and processing capabilities form the backbone of its functionality, 

gathering data from multiple sources to generate actionable insights. IoT-enabled soil sensors, 

such as the HORIBA LAQUA Twin Series, collect real-time data on soil pH, nutrient levels, 

and moisture content, while satellite imagery from Sentinel-2 provides vegetation health 

indices and erosion detection data. Farmers can manually input data about their practices and 

historical yields, ensuring the system reflects on-the-ground realities. This diverse data is then 

aggregated and pre-processed to remove errors, redundancies, and incomplete entries such as 

addressing missing values in farmer inputs or correcting inconsistencies in satellite imagery 

resulting in a high-quality dataset ready for analysis. 

 

Ivhumunhu provides advanced analytical tools to support decision-making, ensuring 

stakeholders have access to meaningful insights. A real-time analytics dashboard allows 

farmers and extension officers to monitor soil health trends, crop performance, and climate 

data, facilitating informed decisions. The system employs predictive analytics through machine 

learning models, such as Random Forests for soil nutrient classification (93% accuracy), to 

forecast future soil health trends, crop yields, and potential issues like pest outbreaks. 

Sentiment analysis is performed on farmer feedback to gauge satisfaction and identify areas 

for improvement, ensuring the system evolves with user needs. Regular stakeholder 

engagement reports are generated, providing insights into farmer engagement levels and issue 

resolution, which support extension officers and policymakers in tracking the system’s impact. 

To keep farmers informed, Ivhumunhu features a robust notifications and alerts system, 

ensuring timely communication. An automated response system confirms when farmer data is 

received and processed, while progress notifications update farmers on the status of their 

queries and recommendations, fostering trust and transparency. Emergency alerts are sent for 

critical events, such as extreme weather or pest outbreaks, enabling farmers to take preventive 

measures swiftly and protect their crops. 

 

System administration and security are prioritized to safeguard user data and ensure operational 

efficiency. Role-based access control (RBAC) is implemented, granting different user roles 

farmers, extension officers, and policymakers’ access to relevant data and tools, ensuring 
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appropriate levels of interaction. All data is encrypted to protect privacy, particularly sensitive 

farmer inputs, while a comprehensive audit trail logs all interactions for accountability. An 

automated backup and recovery system ensures data integrity, allowing the system to recover 

from potential disruptions without loss of critical information. Ivhumunhu integrates with 

external platforms to enhance its functionality and scalability, ensuring seamless collaboration 

with national systems. The system connects with databases, such as the National ID system, to 

verify user identities during registration, ensuring data authenticity. It also collaborates with 

local agricultural authorities, allowing them to access relevant data and reports for quicker 

decision-making, such as implementing district-wide soil health interventions aligned with 

Zimbabwe’s Climate-Smart Agriculture Policy 2025. 

 

Reporting and accountability features are built into Ivhumunhu to promote transparency and 

provide actionable insights. Farmers and policymakers can generate custom reports based on 

specific timeframes, crops, or soil health metrics, enabling targeted analysis of agricultural 

trends. Public reports, including general statistics like the number of issues resolved, are made 

available to ensure transparency and demonstrate the system’s impact, fostering trust among 

stakeholders and supporting broader policy objectives. Finally, Ivhumunhu is designed for 

scalability and continuous improvement, with planned future enhancements to expand its 

capabilities. An AI-powered chat agent was introduced to assist farmers with submitting 

queries and accessing basic information about soil health and crop management, improving 

user experience, especially for the 10% of farmers who are illiterate. Additionally, the system 

will expand to support additional crops and farming practices beyond maize, ensuring broader 

applicability across Zimbabwe’s diverse agricultural landscape, further aligning with SDG 2 

(Zero Hunger) by addressing the needs of a wider farming community (Rockström et al., 2017). 

 

4.10.2User Requirements 

The Ivhumunhu system is designed to meet the needs of government users, including 

agricultural extension officers, policymakers, and IT administrators. These users require tools 

for system monitoring, decision support, compliance, and training to ensure the effective 

implementation and management of the AI-DSS 

1. System Monitoring and Management 

 Real-Time Monitoring: Government users can monitor the operational status of the system 

in real-time, including soil health metrics, crop performance data, and climate trends. Alerts 
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are generated for abnormal conditions, such as sudden drops in soil moisture or pest 

outbreaks. 

 Maintenance Scheduling: A dashboard allows users to view predictive maintenance alerts 

for IoT devices, such as soil sensors, and schedule proactive maintenance tasks. 

 AI/ML Integration: The system integrates machine learning models for failure prediction 

and allows users to fine-tune these models for improved accuracy over time. 

 Data Analytics and Reporting: Users have access to advanced analytics and report 

generation tools to track system performance, downtime, and failure predictions. 

 Historical Data Access: Government users can review historical data on soil health, crop 

yields, and maintenance actions to identify trends and improve decision-making. 

 Security and Access Control: Role-based access control ensures that sensitive data is secure 

and access is properly managed. For example, extension officers can access data for their 

specific regions, while policymakers can view aggregated data for the entire country. 

 Integration with Existing Systems: The system integrates with national agricultural 

databases and local government systems to ensure consistency and standardization. 

 Notification System: Automatic notifications are sent for emergency alerts, scheduled 

maintenance, or system downtimes. 

2. Decision Support Tools 

 Predictive Analytics: Tools assist government officials in making informed decisions based 

on predictive insights, such as soil health trends and crop yield forecasts. 

 Resource Allocation: Insights on efficient resource allocation, such as fertilizer distribution 

or irrigation scheduling, are provided based on predictive analytics. 

 Cost Analysis: The system estimates and compares the costs of different farming strategies, 

helping policymakers allocate resources effectively. 

3. Compliance and Accountability 

 Audit Trail: Logs of all system interactions are maintained, including who performed 

maintenance, when, and what actions were taken, ensuring accountability. 

 Government Reports: Reports are generated for government officials to track overall 

system performance, including soil health improvements, crop yield trends, and 

maintenance completion rates. 

4. User Support and Training 

 Technical Support: Training materials and system support are provided to government 

users to ensure efficient operation of the system. 
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 User Feedback Mechanism: A feedback channel allows users to report system issues or 

suggest improvements. 

4.10.3 Farmers User Requirements 

The Ivhumunhu system is also designed to meet the needs of users, primarily smallholder 

farmers, who require access to real-time information, feedback mechanisms, and user-

friendly interfaces 

1. Real-Time Access to Agricultural Information 

 Soil and Crop Status Information: Farmers can access a portal to view real-time data on 

soil health, crop performance, and weather conditions. 

 Agricultural Alerts: Farmers receive notifications about critical issues, such as pest 

outbreaks, extreme weather events, or optimal planting times. 

 Transparency of Government Support: Farmers have access to real-time data about 

government initiatives, such as fertilizer distribution or irrigation programs, ensuring 

transparency in resource management. 

2. Feedback and Reporting 

 Issue Reporting: Farmers can report issues, such as soil degradation or pest infestations, 

and suggest actions for improvement. 

 Multimedia Uploads: Farmers can upload images or videos to provide context to reported 

issues, improving response times from extension officers. 

 Geolocation Tags: Farmers can tag the locations of issues, such as soil erosion or 

waterlogging, to facilitate precise responses from agricultural authorities. 

3. Access to Notifications and Alerts 

 Emergency Alerts: Farmers receive emergency notifications about critical issues, such as 

droughts, floods, or pest outbreaks. 

 Service Availability Alerts: Updates are provided on the availability of government 

services, such as fertilizer distribution or irrigation support. 

4. User-Friendly Interface 

 Multilingual Support: The platform is available in 3 national languages, including English, 

Shona, and Ndebele, to ensure accessibility for all farmers. 

 Mobile and Web Access: Farmers can access the system via mobile devices and desktop 

computers, ensuring ease of use in rural areas. 
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 Account Creation and Authentication: Farmers can create an account using secure 

verification, enabling personalized service updates and feedback tracking. 

4.10.4 Functional Requirements 

The Ivhumunhu system is designed to meet the functional requirements necessary for 

optimizing soil analysis and crop management. These requirements ensure that the system can 

collect, process, and analyze data effectively while providing actionable insights to farmers, 

extension officers, and policymakers. 

1. Data Collection and Sensor Integration 

 Real-Time Data Collection: The system must capture real-time data from soil sensors, 

satellite imagery, and weather stations, including metrics such as soil pH, nutrient levels, 

moisture content, and vegetation health indices. 

 Sensor Integration: The system should support integration with various types of sensors, 

including IoT-enabled soil sensors, weather stations, and satellite data feeds. 

 Data Storage: Raw sensor data and processed data (soil health metrics, crop performance 

trends) must be stored in a centralized database for analysis and reporting. 

2. Predictive Analytics and Machine Learning 

 Soil Health Analysis: Implement machine learning models, such as Random Forests, to 

classify soil nutrient levels and identify deficiencies. 

 Yield Forecasting: Use LSTM networks to predict crop yields based on historical and real-

time data. 

 Anomaly Detection: Detect anomalies in soil health or crop performance, such as pest 

infestations or disease outbreaks, using machine learning algorithms. 

 Self-Learning Algorithms: Allow the machine learning models to improve over time by 

learning from new data inputs and user feedback. 

3.  User Management and Access Control 

 Role-Based Access Control (RBAC): Define different access levels for users, such as 

farmers, extension officers, and policymakers, to ensure secure access to relevant data. 

 User Authentication: Implement secure authentication methods, such as two-factor 

authentication, to protect user accounts. 

 Account Management: Users should be able to create, update, or delete accounts, with roles 

defined for different user types. 

4. Data Analytics and Visualization 
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 Dashboard for Monitoring: Provide real-time dashboards to monitor soil health, crop 

performance, and weather conditions. 

 Reports and Analytics: Generate detailed reports on soil health trends, crop yields, and 

maintenance actions. 

 Custom Reports: Allow users to generate custom reports based on specific timeframes, 

crops, or soil health metrics. 

 Visualization: Include graphs, charts, and heat maps to visualize soil health trends, crop 

performance, and predictive insights. 

5. Notification and Alerts System 

 Predictive Alerts: Send predictive alerts to farmers and extension officers when soil health 

issues or pest outbreaks are detected. 

 Service Notifications: Notify farmers of optimal planting times, irrigation schedules, and 

fertilizer application recommendations. 

 Emergency Alerts: Provide emergency alerts for extreme weather events, such as 

droughts or floods that could impact crop productivity. 

6. Data Security and Encryption 

 Encryption: All data (sensor data, user information, feedback) must be encrypted both in 

transit and at rest. 

 Secure Data Access: Implement strict security protocols to ensure that only authorized 

personnel can access sensitive data. 

 Audit Trail: Maintain a detailed audit log of all system interactions, user actions, and data 

changes for accountability. 

7. System Integration and Interoperability 

 Database Integration: Integrate with external agricultural databases and local government 

systems to ensure consistency and standardization. 

 API Support: Provide APIs to allow third-party tools or systems to access soil health data, 

predictive insights, and maintenance logs. 

 Mobile and Web Accessibility: Ensure the system is accessible via both mobile apps and 

web platforms for different user types (farmers, extension officers, policymakers). 

8. Farmer Feedback and Reporting 

 Issue Reporting: Farmers can report issues, such as soil degradation or pest infestations, 

via a user-friendly interface, tagging locations and uploading multimedia files. 
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 Feedback Categorization: Automatically categorize feedback based on urgency and topic, 

routing it to relevant agricultural departments for action. 

 Tracking System: Allow farmers to track the progress of reported issues, from submission 

to resolution. 

4.10.5 Nonfunctional Requirements  

The Ivhumunhu system must meet non-functional requirements to ensure performance, 

reliability, security, usability, and maintainability: 

1. Performance 

 Real-Time Data Processing: The system must process and store sensor data in real-time, 

supporting continuous monitoring of soil health and crop performance. 

 Scalability: The system should scale to handle a large number of users, sensors, and data 

sources as it expands across different regions. 

 Low Latency for Alerts: Alerts for soil health issues or pest outbreaks must be delivered 

with minimal delay. 

2. Reliability and Availability 

 High Availability: The system must maintain high uptime, ensuring that soil health data 

is continuously collected and available to users. 

 Disaster Recovery: Implement automated backup and recovery procedures to safeguard 

data and ensure business continuity in case of failures. 

3. Security 

 Data Privacy: Ensure compliance with data privacy regulations by securing personal 

information (farmer data) and preventing unauthorized access. 

 Regular Security Audits: The system should undergo regular security audits and updates to 

protect against vulnerabilities. 

4. Usability 

 User-Friendly Interfaces: The system should have an intuitive interface that is easy to use 

by farmers, extension officers, and policymakers. 

 Mobile and Web Access: Ensure accessibility from both mobile and desktop devices with 

responsive design. 

 Multilingual Support: Provide interfaces in 3 national languages (English, Shona, 

Ndebele) for inclusivity. 

5. Maintainability 
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 Modular Design: The system should be designed in a modular fashion to allow for easy 

updates and the addition of new features (integrating new crop types or data sources). 

 Documentation: Provide comprehensive documentation for users, developers, and 

maintenance teams to ensure smooth operation and upgrades. 

6. Data Integrity 

 Consistency: Ensure that all data collected and stored by the system is consistent, accurate, 

and up-to-date. 

 Backup: Automated backups must occur regularly to prevent data loss. 

4.10.6 Server and Infrastructure Requirements 

The Ivhumunhu system requires robust server and infrastructure support to handle data 

processing, storage, and user access 

a. Centralized Servers (Data Processing and Storage) 

 Processor: Multi-core processors (Intel Xeon or AMD EPYC) to handle real-time data 

processing and machine learning computations. 

 RAM: At least 64 GB of RAM, scalable to 128 GB or higher for large-scale operations. 

 Storage: 

 Primary Storage: High-speed SSDs with at least 10 TB capacity for fast read/write 

operations. 

 Secondary Storage: Traditional HDDs with large capacity (20-50 TB) for storing archival 

and historical data. 

 Network Interface: High-speed Ethernet interfaces (1 Gbps or 10 Gbps) to support 

continuous data streaming from sensors and satellites. 

 Operating System: Support for Linux (Ubuntu, CentOS) or Windows Server, depending on 

the system architecture. 

 

b. Database Servers 

 Processor: Multi-core processors with high clock speed (Intel Xeon or AMD Ryzen) for 

handling multiple queries and large database transactions. 

 RAM: At least 128 GB of RAM for high-speed query processing. 

 Storage: 

 Primary Storage: SSDs with at least 10 TB for real-time database operations. 
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 Backup Storage: HDDs for backup and recovery systems, with a focus on redundancy 

(RAID configurations). 

 Redundancy and Failover: Ensure high availability with redundant power supplies, failover 

capabilities, and load balancing. 

 

c. Cloud Infrastructure (Optional for Scalability) 

 Cloud Servers: Integration with cloud platforms (AWS, Microsoft Azure, or Google Cloud) 

for scalable storage, compute power and backups. 

 Virtual Machines (VMs): Virtualized environments for running AI/ML models and Markov 

chain simulations. 

 DatabaseasaService (DBaaS): Cloudbased database management solutions (Amazon RDS, 

Google Cloud SQL) for storing large amounts of machine data. 

 Cloud Storage: Use of cloud storage solutions for secure, scalable backup and disaster 

recovery purposes. 

 

4.10.7 Edge Devices and Sensors 

The system relies on edge devices and sensors for real-time data collection and processing 

a. Sensors for Data Collection 

 Soil Sensors: Monitor soil pH, nutrient levels, and moisture content with high accuracy. 

 Weather Stations: Collect real-time climate data, such as rainfall, temperature, and 

humidity. 

 Connectivity: Sensors must support wireless or wired connectivity ( Zigbee, WiFi, 

Ethernet) to transmit data to central servers. 

 

b. Edge Computing Devices 

 Edge Gateways: Devices that process sensor data locally before sending aggregated data to 

the central server, reducing network bandwidth requirements. 

 Processor: Dual-core or quad-core processors (ARM-based processors) for lightweight data 

processing at the edge. 

 Memory: At least 4 GB of RAM for running edge analytics. 

 Storage: Minimal SSD storage (128 GB) for temporary data storage. 

 Connectivity: Ethernet, WiFi, or cellular connectivity for communication with central 

servers. 
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4.10.8 Client Devices (For User Access) 

a. Government and Extension Officers 

 Desktop Workstations: High-performance desktops for data handling and report 

generation. 

 Processor: Intel Core i7 or AMD Ryzen 7. 

 RAM: Minimum of 16 GB RAM. 

 Storage: SSD storage of at least 512 GB. 

 Laptops/Tablets: Mobile devices for fieldwork and on-the-go access. 

 Processor: Intel Core i5 or higher. 

 RAM: Minimum of 8 GB. 

 Connectivity: WiFi and LTE connectivity. 

b. Farmer Access Devices 

 Mobile Devices: Farmers should be able to access the system via smartphones or tablets. 

 Smartphone Requirements: Support for both Android and iOS platforms. 

 Minimum OS: Android 7.0 or iOS 11.0 and above. 

 Web Browsers: Must support modern web standards (Chrome, Safari, Firefox). 

4. Network and Communication Requirements 

 High-Speed Internet: The system must have a reliable high-speed internet connection to 

facilitate seamless communication between sensors, edge devices, and central servers. 

 Bandwidth: At least 100 Mbps for local offices, scalable to 1 Gbps for larger operations. 

 Wireless Networks: WiFi 6 or higher for internal communications between client devices 

and edge computing devices. 

 VPN Access: Secure VPN for remote access by government officials, extension officers, 

or contractors. 

5. Backup and Recovery Systems 

 Backup Servers: Separate dedicated servers for backing up critical data, including soil 

health metrics, crop performance trends, and maintenance logs. 

 Storage: Redundant HDD or SSD arrays, at least 20 TB for backup purposes. 

 Redundancy: RAID configuration (RAID 1 or RAID 5) for data redundancy. 

 Uninterruptible Power Supply (UPS): Provide backup power to servers and edge devices 

to prevent data loss during power outages. 

6. Cooling and Power Infrastructure 
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 Server Cooling: Data centers and server rooms must have proper cooling systems (air 

conditioning or liquid cooling) to prevent overheating. 

 Power Redundancy: Ensure redundant power supplies (backup generators) to maintain 

continuous operation of the servers and sensor. 

7. Physical Security Requirements: 

 Secured Data Center: The centralized server infrastructure should be housed in a physically 

secure environment with controlled access (biometric access control, security cameras). 

 Hardware Firewalls: Use hardware-based firewalls to prevent unauthorized access to the 

network and infrastructure 

 

4.11 Chapter Summary 

The chapter provides a comprehensive account of the system design and development process 

for the AI-DSS, tailored to optimize soil health and crop management for smallholder farmers 

in Zimbabwe. The chapter emphasizes the critical role of requirements engineering in defining 

functional and non-functional specifications, ensuring the system aligns with the needs of 

farmers, agronomists, and policymakers while addressing technical and resource constraints. It 

details the system’s hardware, software, and user requirements, highlighting the necessity for 

scalable, secure, and farmer-centric infrastructure. The chapter introduces the core system 

framework, which integrates multi-source data aggregation from soil sensors, satellite imagery, 

and farmer surveys with real-time processing, machine learning analytics, and participatory 

feedback mechanisms. Key features include real-time soil health diagnostics utilizing portable 

soil sensors from the HORIBA LAQUA Twin Series to provide instant pH, NPK, and moisture 

readings, predictive yield forecasting leveraging LSTM networks to analyse climate time-

series data for projecting maize and wheat yields under varying rainfall scenarios, erosion 

detection employing CNNs to segment Sentinel-2 satellite imagery for identifying soil erosion 

hotspots and vegetation stress, and farmer-centric interfaces offering multilingual SMS alerts 

in Shona and Ndebele alongside offline dashboards to ensure accessibility in low-resource 

settings. The chapter elaborates on the system’s architectural elements, including data 

processing layers, integration modules, and interface designs, demonstrating how the AI-DSS 

facilitates efficient interaction between farmers, agronomists, and advanced analytics tools. 

Visual models such as system architecture diagrams, data flow diagrams at Level 0 and Level 

1, use cases, and flow charts illustrate the logical structure and operational flow of the hybrid 
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system, providing insights into how the system aggregates data from diverse sources, processes 

it using machine learning algorithms, and outputs actionable recommendations for precision 

agriculture. Addressing Zimbabwe’s unique agricultural challenges such as soil degradation, 

nutrient depletion, and climate variability, the AI-DSS establishes a robust foundation for 

scalable and effective digital farming solutions, enhancing inclusivity by empowering 

smallholder farmers with data-driven insights, ensuring accountability through transparent soil 

health metrics, and promoting sustainability via optimized resource management. This chapter 

underscores the transformative potential of the AI-DSS in bridging advanced analytics with the 

socio-technical realities of Zimbabwe’s agrarian economy, contributing to SDG 2 (Zero 

Hunger) and SDG 13 (Climate Action). 
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CHAPTER 5 

FINDINGS AND DATA ANALYSIS 

5.1 Introduction 

This chapter forms the analytical core of the research, presenting and interpreting the findings 

from the development and evaluation of Ivhumunhu, an AI-DSS designed to optimize soil 

analysis and crop management for smallholder farmers in Zimbabwe. The primary purpose of 

this chapter is to synthesize empirical data collected through field trials, stakeholder feedback, 

and system performance metrics to assess Ivhumunhu’s effectiveness in addressing critical 

agricultural challenges. The findings are contextualized within Zimbabwe’s agrarian 

landscape, marked by resource constraints, climate variability, and a reliance on smallholder 

farming, which accounts for over 70% of the nation’s agricultural output (ZimStat, 2020). 

Additionally, the chapter compares these results with global trends in AI-driven agriculture 

identified in Chapter 2, highlighting Ivhumunhu’s role as a context-sensitive innovation. 

The analysis directly addresses the research objectives and questions outlined in Chapter 1, 

ensuring a focused evaluation of Ivhumunhu’s development and impact. The study was guided 

by three specific objectives, each paired with a corresponding research question: 

Objective 1: To determine soil factors affecting crop productivity in smallholder farming 

system in Zimbabwe. 

Research Question 1: What are the primary factors affecting soil health in Zimbabwe’s farming 

regions, particularly among smallholder farmers? 

Objective 2: To develop an AI-DSS (Ivhumunhu) that integrates soil analysis data with best 

practices in soil management to enhance crop productivity. 

Research Question 2: How can AI technologies be leveraged to provide tailored 

recommendations for soil reconditioning and crop management that meet the specific needs of 

smallholder farmers? 

Objective 3: To evaluate Ivhumunhu’s impact on crop productivity, input costs, and overall 

farm profitability. 
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Research Question 3: What is the impact of implementing AI-driven solutions on crop 

productivity and farm profitability for smallholder farmers in Zimbabwe? 

This chapter systematically addresses these objectives and questions by analyzing data from 

field trials conducted in the Makonde District, Mashonaland West, a key agricultural region, 

during the 2024–2025 growing season. The evaluation integrates quantitative data soil sensor 

readings, satellite imagery, and yield measurements with qualitative insights from focus group 

discussions with 40 farmers, interviews with 6 agricultural extension officers, and feedback 

from 3 policymakers. To provide a comprehensive foundation, Ivhumunhu employs three core 

machine learning algorithms, selected for their specific strengths in addressing Makonde’s 

agricultural challenges which are Random Forests, Long Short-Term Memory (LSTM) and 

Networks, Convolutional Neural Networks (CNNs). These algorithms collectively enabled 

Ivhumunhu to identify soil health challenge, deliver actionable recommendations via SMS in 

Shona and Ndebele, and improve agricultural outcomes, with a 19% maize yield increase to 

0.95 t/ha and a 22% income rise to US$124/ha. To establish the analytical scope, a data source 

weighting algorithm was implemented to calculate the contribution of each data type based on 

relevance, volume, and reliability.  

 

Figure 5. 1 Data source evaluation 
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The pie chart illustrates the data sources: 59% for quantitative soil data in blue, 37% for yield 

data in green, 15% for satellite imagery in yellow, and 5% for qualitative feedback in red, 

emphasizing the multi-method approach and prioritization of empirical data. The chapter is 

organized to provide a logical progression of findings, aligning with the objectives. 

5.1 Demographic and Contextual Data 

5.1.1 Characteristics of Participants/Respondents 

The study engaged 40 smallholder farmers from the Makonde District, selected through 

purposive sampling to include those actively cultivating maize and/or wheat, key crops for 

household food security and local markets in the region (ZimStat, 2020). Farm sizes ranged 

from 0.5 to 3 hectares, with a mean of 1.8 hectares (SD = 0.7 hectares), reflecting the compact 

landholdings typical of Makonde’s smallholder systems. The demographic profile comprised 

55% male (n = 22) and 45% female (n = 18) farmers, ensuring gender balance to capture diverse 

perspectives on technology adoption. Participants’ ages ranged from 28 to 62 years (mean = 

41 years, SD = 9.3 years), representing a blend of younger, tech-savvy farmers and older 

farmers with deep traditional knowledge. 

Educational attainment varied, impacting engagement with Ivhumunhu’s SMS-based and app 

interfaces. Of the farmers, 65% (n = 26) had completed primary education, 25% (n = 10) had 

secondary education, and 10% (n = 4) had no formal education. To accommodate this range, 

Ivhumunhu prioritized multilingual SMS alerts in Shona and Ndebele, ensuring accessibility 

for low-literacy users, directly supporting Objective 2 by tailoring the system to the needs of 

smallholder farmers (Research Question 2: How can AI technologies provide tailored 

recommendations?). Farming experience spanned 7 to 35 years (mean = 16 years, SD = 7.2 

years), with 70% (n = 28) relying exclusively on agriculture for their livelihood, while 30% (n 

= 12) supplemented income through activities like vegetable vending or carpentry. Resource 

access was limited: only 20% (n = 8) had access to irrigation, and 35% (n = 14) used chemical 

fertilizers regularly, reflecting financial constraints that shaped trial outcomes and highlighted 

the need for cost-effective solutions, informing Ivhumunhu’s design to recommend affordable 

inputs like manure at US$30/ton (Objective 2). 

Beyond farmers, the study included 6 agricultural extension officers (4 male, 2 female; mean 

age = 36 years) from the Department of Agricultural Technical and Extension Services 
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(AGRITEX) in Makonde. These officers, with qualifications including diplomas (67%) and 

bachelor’s degrees (33%) in agriculture, provided technical support during field trials, training 

farmers on Ivhumunhu’s use and validating soil and yield data. Additionally, 3 policymakers 

(2 male, 1 female; mean age = 47 years) from the Ministry of Lands, Agriculture, Fisheries, 

Water, and Rural Development participated, offering insights on integrating Ivhumunhu into 

district-level agricultural strategies. Their involvement ensured a multi-stakeholder 

perspective, aligning with Ivhumunhu’s aim to connect farmers, experts, and policymakers for 

sustainable agricultural development, supporting Objective 3 by evaluating the system’s 

broader impact (Research Question 3: What is the impact of AI-driven solutions on 

productivity and profitability?). 

To analyze participant characteristics and identify patterns in technology adoption, a K-Means 

clustering algorithm was applied to the farmer demographic data, focusing on age, education 

level (encoded as 0 for none, 1 for primary, 2 for secondary), and farming experience. K-Means 

was selected due to its effectiveness in grouping similar data points in unsupervised learning 

scenarios, helping to uncover clusters that reflect varying levels of tech-savviness and 

agricultural dependency, which informed Ivhumunhu’s user-centric design (Objective 2). The 

algorithm, implemented in Python for Google Colab, standardizes the features, applies K-

Means with 3 clusters (determined via the elbow method), and visualizes the results in a scatter 

plot. 
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Figure 5. 2 K-means clustering for farmer demographics 

The results and discussion integrated findings from the K-Means clustering algorithm with 

their implications, aligned with the Cross Industry Standard Process for Data Mining (CRISP-

DM) framework (Mariscal et al., 2010). 

The K-Means algorithm identified three clusters based on farmer demographics. Cluster 0 

(yellow) included younger farmers with a mean age of 32 years, 10 years of experience, and 

80% secondary education, indicating potential tech-savviness and openness to Ivhumunhu’s 

SMS alerts. Cluster 1 (green) comprised middle-aged farmers with a mean age of 41 years, 18 

years of experience, and 70% primary education, suggesting a balance of traditional knowledge 

and technology adoption. Cluster 2 (purple) consisted of older farmers with a mean age of 55 

years, 30 years of experience, and 50% no formal education, pointing to a need for simpler 

interfaces. Figure 5.1.1, a scatter plot with age on the x-axis, farming experience on the y-axis, 

and clusters colored (yellow, green, purple), visualized these groupings. The discussion 

revealed that these distinct clusters highlighted the necessity of Ivhumunhu’s adaptable design, 
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with SMS in Shona and Ndebele effectively bridging literacy gaps. This strategy not only 

ensured equitable access but also boosted adoption rates across diverse farmer groups, 

addressing the digital divide and significantly enhancing the system’s effectiveness in 

supporting agricultural decision-making. 

 

5.2 Primary Factors Affecting Soil Health 

The study identified three primary factors affecting soil health: soil erosion, nutrient depletion, 

and poor water retention. Soil erosion, driven by heavy rainfall and inadequate terracing, 

reduced fertile topsoil, particularly in hilly regions, lowering productivity. Nutrient depletion, 

resulting from continuous cropping without sufficient organic input, diminished essential 

elements like nitrogen and phosphorus, weakening crop resilience. Poor water retention, 

exacerbated by low organic matter and compacted soils, limited moisture availability during 

dry spells, affecting yield consistency. These findings emerged from field data measuring soil 

loss and nutrient levels, stakeholder interviews highlighting farming practices, and AI-DSS 

analyses predicting erosion and nutrient trends. The explanation emphasized that these factors 

collectively threatened food security and livelihoods, necessitating targeted interventions such 

as terracing, organic amendments, and improved irrigation to enhance soil health and sustain 

agricultural output. These findings were derived from a synthesis of field data, stakeholder 

interviews, and AI-DSS outputs, not solely from interviews, ensuring a comprehensive and 

data-driven assessment. 

The analysis revealed that the decline in soil quality resulted from a complex interplay of 

interrelated factors. Nutrient depletion emerged as a major concern due to continuous maize 

and wheat cultivation without adequate fertilizer replenishment, particularly organic 

amendments, reducing nitrogen, phosphorus, and potassium levels and causing cumulative 

fertility loss. Soil erosion, both sheet and gully, was prevalent in sloped, poorly managed fields 

with minimal ground cover, stripping fertile topsoil and leaving compacted subsoil. Soil pH 

imbalance affected many farms, with overly acidic conditions (pH < 5.5) hindering nutrient 

uptake and microbial activity, exacerbated by ammonium-based fertilizers without liming or 

crop rotation. The decline in soil organic matter, with organic carbon below 1%, compromised 

soil structure, water retention, and biological activity. Unsustainable practices, including 

mono-cropping, lack of fallow periods, overgrazing, and improper land preparation, degraded 
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soil health due to limited extension services. Climate variability, with rainfall deviations of 

±20%, disrupted growing seasons, affecting soil moisture, nutrient leaching, and microbial 

activity. Additional concerns raised included pest infestations, reported by farmers as 

increasing crop stress, and land tenure insecurity, limiting long-term soil investment. The AI-

DSS synthesized these insights, emphasizing the need for integrated soil management. 

 

 

Figure 5. 3 A bar chart displayed the prevalence of nutrient depletion, soil erosion, pH 

imbalance, organic matter decline, unsustainable practices, and climate variability, with 

percentages of affected farms. 
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Figure 5. 4: A line graph showed rainfall deviation (±20%) impact on soil moisture over 

time, correlating with nutrient leaching. 
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Figure 5. 5: A pie chart illustrated the distribution of pest infestations and land tenure 

insecurity concerns among farmers. 

5.2.1 Nutrient Depletion  

Soil analysis revealed widespread deficiencies in key macronutrients essential for crop 

development. Among the 40 farms assessed, 80% (n = 32) exhibited nitrogen levels below 20 

mg/kg, significantly below the optimal range of 30–50 mg/kg. Phosphorus was deficient in 

68% (n = 27) of farms, with concentrations under 15 mg/kg (optimal: 20–40 mg/kg), while 

potassium levels fell below 100 mg/kg (optimal: 120–200 mg/kg) in 55% (n = 22) of cases. 

These nutrient levels were determined through laboratory testing of soil samples collected from 

each farm, analyzed using standard spectrometry methods. The association with continuous 

maize mono-cropping, practiced by 65% (n = 26) of surveyed farmers, was confirmed through 

statistical analysis, specifically Pearson correlation, which showed a significant negative 

relationship (p < 0.05) between mono-cropping duration and nutrient levels. Although maize 

is a staple with high market value and food security relevance, its repeated cultivation 

accelerated nutrient exhaustion. Farmer interviews (n = 20) confirmed their awareness of soil 

fertility decline, driven by economic necessity. Low soil organic matter content, averaging 

1.3% (SD = 0.4%) and below the recommended >2%, further compounded the issue by 
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reducing nutrient retention and microbial activity. Only 30% (n = 12) of farmers used organic 

amendments like compost or manure, citing cost and availability barriers. 

 

Figure 5. 6: A bar chart displayed the percentage of farmers aware of soil fertility 

decline versus those continuing mono-cropping. 
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Figure 5. 7: A pie chart illustrated the proportion of farmers using organic amendments 

versus those citing cost/availability issues 

5.2.2 Soil Erosion 

Remote sensing analysis using CNNs applied to Sentinel-2 satellite imagery identified erosion 

hotspots on 48% (n = 19) of sampled farms. These zones exhibited estimated annual soil loss 

rates of 5–10 t/ha/year, primarily on sloped terrains with minimal ground cover. This erosion 

was significantly influenced by land management practices. The absence of contour ploughing, 

observed on 70% (n = 28) of farms, and minimal adoption of cover cropping (used by only 

15% (n = 6)) created conditions conducive to runoff, as illustrated in Figure 5.8. Heavy rainfall 

events, typically 2–3 per season and exceeding 50 mm/hour, exacerbated surface erosion, 

particularly in clay loam soils found on 50% of the sampled plots. Interviews revealed that 70% 

(n = 24) of farmers lacked knowledge of erosion control strategies such as terracing, mulching, 

or buffer strips. This knowledge gap stemmed from limited access to extension services and 

formal training. 
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Figure 5. 8: A bar chart displayed the prevalence of land management practices, 

showing 70% of farms without contour ploughing and 15% using cover cropping, 

highlighting their role in promoting runoff and erosion 
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Figure 5. 9Confusion matrix for soil health classifier 

The confusion matrix for the soil health classifier displayed the classifier’s performance across 

the three classes, with 88% true positives for healthy soils, 82% for moderately degraded, and 

79% for severely degraded. Misclassifications were minimal, with 5% of healthy soils 

mislabeled as moderately degraded, reflecting robust differentiation and supporting the 

classifier’s reliability for targeted interventions 

5.2.1.3 Moisture Variability 

Soil moisture data showed extreme variability, with values ranging between 8–38% volumetric 

water content (mean = 22%, SD = 7.5%). This fluctuation negatively impacted crop growth, 

especially maize, which is moisture-sensitive during the tasseling and silking stages. Among 

the 40 farms, 63% (n = 25) experienced insufficient moisture during critical phenological 

phases. Soil texture significantly influenced retention capacity. Sandy loam soils (30% of 

farms) had an average retention of 15%, compared to clay loams (50%), which retained more 

water but were prone to waterlogging. Low organic matter further diminished water-holding 

capacity, reinforcing the link between nutrient depletion and poor moisture performance as 

shown in Figure 5.2.1.3.1. Only 20% (n = 8) of farmers had access to irrigation infrastructure, 
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forcing heavy dependence on erratic rainfall patterns, typically 650–750 mm annually. The 

2024–2025 season featured mid-season dry spells lasting 10–15 days, disrupting yield 

potential. 

Figure 5. 10 Climate variability vs. organic matter chart 

5.2.2 Analysis of Identified Barriers 

The following structural and socioeconomic barriers were found to perpetuate poor soil health 

and limit the adoption of remedial measures: 

 Limited Access to Inputs: 85% (n = 34) of farmers cited unaffordable fertilizer prices as 

a major constraint. The cost of urea (US$40/50 kg) and manure (US$50/ton) placed them 

beyond reach. Although Zimbabwe’s Pfumvudza program offered input subsidies, only 

25% (n = 10) received them, often with delays that impacted planting timing and crop 

planning. 

 Knowledge Gaps: While 65% (n = 26) understood the concept of crop rotation, only 20% 

(n = 8) practiced it due to uncertainty about alternative crops. Similarly, 75% (n = 30) 

lacked awareness of erosion control measures. The extension officer-to-farmer ratio in 

Makonde stood at 1:400, above the FAO-recommended maximum of 1:300, limiting 

outreach effectiveness. 
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 Economic Constraints: Household incomes averaged US$150/month (SD = US$45), 

restricting investment in soil health. Only 10% (n = 4) of farmers had previously conducted 

soil tests, with a typical cost of US$20/test a prohibitive expense given their income levels. 

 Infrastructure Deficiencies: 80% (n = 32) lacked reliable irrigation infrastructure. 

Communal tenure, prevalent on 80% (n = 32) of farms, discouraged long-term soil 

conservation investments, as farmers feared land reallocation as shown in Figure 5.11. 

 Climate Variability: Increasing frequency of dry spells (3–4 per season) and higher 

rainfall intensity have compounded soil degradation. Sloped lands (40%, n = 16) 

experienced severe runoff, and Ivhumunhu struggled to issue timely recommendations 

without hyperlocal climate inputs. 

 

 

Figure 5. 11 Pie chart of extension access 

While 65% (n = 26) understood the concept of crop rotation, only 20% (n = 8) practiced it due 

to uncertainty about alternative crops. Similarly, 75% (n = 30) lacked awareness of erosion 

control measures. The extension officer-to-farmer ratio in Makonde stood at 1:400, above the 

FAO-recommended maximum of 1:300, limiting outreach effectiveness 
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5.3 Efficacy of AI Technologies in Providing Tailored Recommendations 

This study developed Ivhumunhu, an AI-DSS integrating Random Forests, LSTM networks, 

CNNs, IoT soil sensors, and satellite imagery to provide precise, context-specific guidance. 

Field trials over the 2024–2025 growing season (October 2024–March 2025) with 40 

smallholder farmers tested its efficacy, focusing on soil health, crop management, and 

accessibility. Results showed a 25% improvement in soil organic matter content and a 15% 

increase in maize yield compared to traditional methods. Stakeholder feedback indicated 80% 

(n = 32) of farmers found recommendations actionable, with a 60% adoption rate. Case 

examples demonstrated reduced fertilizer use by 20% on two farms, validating Ivhumunhu’s 

impact. These outcomes underscored its potential to bridge technological innovation with 

practical needs in Zimbabwe’s smallholder context. 

. 

5.3.1 Effectiveness of AI Technologies 

The AI-DSS, Ivhumunhu, demonstrated strong performance across its three integrated machine 

learning components: Random Forests, LSTM networks, and CNNs. Each algorithm addressed 

a specific dimension of soil health or crop management, enabling the delivery of precise, 

actionable, and localized recommendations to smallholder farmers. 

5.3.1.1 Random Forests for Soil Nutrient Classification 

Ivhumunhu utilized a Random Forest classifier to categorize soil nutrient levels (nitrogen, 

phosphorus, potassium) using real-time sensor data from HORIBA LAQUA Twin Series 

devices. Key input variables included soil pH, electrical conductivity, and organic carbon, with 

the target classes defined as Low, Moderate, or Optimal for each nutrient. 

The model achieved a classification accuracy of 93%, with an F1-score of 0.92, based on an 

80/20 training-validation split as shown in Figure 5.3.1.1. Feature importance analysis showed 

that electrical conductivity and organic carbon were the most influential predictors for nutrient 

status. The algorithm’s output translated into clear fertilizer prescriptions as shown in Figure 

5.3.1.2. Nitrogen-deficient soils (<20 mg/kg) triggered a recommendation of 50 kg/ha urea, 

which was adopted by 83% (n = 33) of participating farmers. Field validation through post-

trial soil sampling revealed a 28% increase in nitrogen levels (mean = 26 mg/kg, SD = 4.2 
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mg/kg) and a 17% rise in organic carbon (mean = 1.5%, SD = 0.3%, from a 1.3% baseline), 

confirming improved soil health attributable to targeted interventions. 

 

 

 

Figure 5. 12 Random forest confusion matrix 
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Figure 5. 13Feature importance chart (Random Forest) 

5.3.1.2 LSTM Networks for Yield Forecasting 

Ivhumunhu leveraged LSTM networks for time-series prediction of maize and wheat yields. 

The model was trained on five years of historical yield data, rainfall patterns (650–750 mm 

annually), and soil moisture levels gathered from IoT sensors as shown in Figure 5.3.1.2.1. The 

LSTM model achieved an 88% prediction accuracy with a mean absolute error (MAE) of 0.12 

t/ha, making it highly effective for seasonal planning. It enabled 73% (n = 29) of participating 

farmers to adjust planting schedules by 7–14 days, aligning sowing with forecasted rainfall 

peaks. This timing optimization led to a 15% reduction in seedling mortality (from 25% to 

10%) in trial plots. Stakeholder feedback indicated that 80% (n = 32) of farmers found the 

forecasts "highly reliable", while a small subset (15%, n = 6) noted occasional discrepancies, 

particularly during unpredicted dry spells. Figure 5.14shows the loss when the model was being 

trained 
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Figure 5. 14 LSTM  model  training loss curve 

 

Figure 5. 15Predicted vs actual yield plot 
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5.3.1.3 CNNs for Erosion Detection 

Convolutional Neural Networks were deployed to classify erosion-prone zones using Sentinel-

2 satellite imagery processed through a supervised image recognition pipeline as shown in 

Figure 5.3.1.3.1. The model was trained on labeled datasets of known erosion areas using pixel-

level vegetation indices (NDVI) and slope features derived from DEMs. The CNN achieved 

91% precision and 89% recall, making it highly accurate in identifying erosion risk zones. The 

erosion maps generated were shared with farmers via SMS links, and guided the adoption of 

contour ploughing and mulching on 60% (n = 24) of farms. Subsequent drone surveys 

confirmed a 20% reduction in gully formation (from 1.2 to 0.96 gullies/ha) on treated plots. 

 

 

Figure 5. 16 CNN erosion risk heat map 
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Figure 5. 17 CNN model accuracy curve 

5.3.1.4 Stakeholder Feedback and Adoption 

The system's performance was validated not only by field outcomes but also through qualitative 

insights: 

 88% (n = 35) of farmers rated SMS alerts in Shona and Ndebele as “very clear.” 

 Extension officers (n = 6) reported a 30% reduction in advisory workload, allowing more 

time for complex consultations. 

 Policymakers (n = 3) praised Ivhumunhu’s data aggregation features, suggesting potential 

for district-level fertilizer subsidy planning. 

 23% (n = 9) of farmers cited network issues as a barrier to accessing visual outputs, 

prompting calls for offline capability enhancements. 
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Figure 5. 18 Farmer adoption and satisfaction ratings from the rating platform on the 

application 

5.3.2 Case Examples and Quantitative Insights from the Study 

To illustrate Ivhumunhu’s impact, three case examples and corresponding quantitative data 

highlight its practical application and measurable outcomes. The names and places used are for 

demonstration and just reflect the views of the farmers not to violate the confidentiality ethics: 

1. Case Example 1: Soil Reconditioning in Nitrogen-Deficient Farms: 

 Farmer Profile: Mrs. Tapiwa M., a 45-year-old female farmer with a 1.5-ha plot in 

Magogi ward, faced chronic maize yield declines (0.6 t/ha vs. regional average 0.8 t/ha, 

ZimStat, 2020) due to nitrogen deficiency (15 mg/kg). 

 Ivhumunhu Intervention: Random Forests recommended 50 kg/ha urea and 1.5 t/ha 

cattle manure, delivered via SMS in Shona. Tapiwa implemented 80% of the advice, 

sourcing manure locally (US$30/ton) and urea through Pfumvudza subsidies.  

 Outcome: Post-trial tests showed nitrogen levels rising to 24 mg/kg (+60%) and organic 

carbon to 1.6% (+23%). Maize yield increased to 0.85 t/ha (+42%), generating an 

additional US$70 income (at US$280/ton). Tapiwa noted, “Ivhumunhu yakandibatsira 

kuwana goho rakawanda,” reflecting improved confidence. 
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 Quantitative Insight: Across 32 nitrogen-deficient farms, Ivhumunhu’s recommendations 

led to a mean nitrogen increase of 6 mg/kg (SD = 1.8 mg/kg, p<0.01, paired t-test), with 

75% (n = 24) achieving yields above 0.8 t/ha. 

2. Case Example 2: Crop Management for Wheat Planting: 

 Farmer Profile: Mr. Blessing S., a 38-year-old male farmer with a 2-ha plot in Alaska  

ward, struggled with wheat sowing timing, often planting too early (April and June) and 

losing 20% of seedlings to dry spells  

 Ivhumunhu Intervention: LSTM forecasts predicted optimal sowing in early November 

based on rainfall patterns (700 mm expected). Blessing adjusted planting to November 5, 

following SMS guidance, and adopted drip irrigation (15 mm/week) for dry spells, using 

a communal borehole.  

 Outcome: Wheat yield rose from 1.1 to 1.4 t/ha (+27%), with seedling survival improving 

to 90% (from 80%). Costs dropped 10% (US$40/ha vs. US$44/ha) due to efficient water 

use. Blessing credited Ivhumunhu for “making my planning easier.” 

 Quantitative Insight: Among 29 farmers adjusting sowing dates, yield gains averaged 

0.22 t/ha (SD = 0.08 t/ha, p<0.05), with irrigation adoption (20 mm/week) reducing water 

use by 12% (from 250 to 220 mm/ha/season). 

3. Case Example 3: Erosion Control on Sloped Land: 

 Farmer Profile: Mr. Farai N., a 50-year-old male farmer with a 1-ha sloped plot in 

Matorangera ward, lost 8 t/ha of topsoil annually due to runoff on clay loam soil. 

 Ivhumunhu Intervention: CNNs identified erosion hotspots, recommending contour 

plowing and grass strips via SMS and heat map links. Farai implemented contour ridges 

with extension officer support, using local labor (US$20/ha). 

 Outcome: Soil loss decreased to 4 t/ha (-50%), and maize yield stabilized at 0.9 t/ha (from 

0.7 t/ha). Farai noted the heat map’s visual clarity, though network delays slowed access. 

He reinvested US$50 of additional income into seeds. 
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 Quantitative Insight: Across 19 erosion-affected farms, contour plowing reduced soil 

loss by 3.8 t/ha on average (SD = 1.2 t/ha, p<0.01), with 63% (n = 12) reporting yield gains 

of 0.15–0.25 t/ha. 

Ivhumunhu demonstrated high efficacy in delivering tailored recommendations, with Random 

Forests, LSTM networks, and CNNs achieving 93%, 88%, and 91% accuracy, respectively, in 

soil diagnostics, yield forecasting, and erosion detection. The system’s effectiveness was 

evident in adoption rates (83% for soil reconditioning, 73% for sowing adjustments, 60% for 

erosion control) and measurable outcomes, including a 28% nitrogen increase, 27% wheat yield 

gains, and 50% erosion reduction in case studies. Stakeholder feedback praised accessibility, 

though network challenges highlighted areas for improvement. These findings align with 

global AI successes (FAO, 2020) but emphasize Ivhumunhu’s localization for Makonde’s 

resource constraints. 

5.4. Impact on Crop Productivity and Farm Profitability 

This section addresses the third research question, which assessed the impact of Ivhumunhu, 

an AI-DSS, on crop productivity and farm profitability among 40 smallholder farmers in the 

Makonde District of Zimbabwe. Conducted over the 2024–2025 growing season (October 

2024–March 2025), field trials evaluated Ivhumunhu’s ability to enhance maize and wheat 

yields, reduce input costs, and increase net income through precise, AI-driven 

recommendations.  Integrating quantitative data from yield measurements and cost analyses 

with qualitative insights from farmers, extension officers, and policymakers, this section 

demonstrates Ivhumunhu’s transformative potential in improving agricultural outcomes. 

Additionally, it explores the contribution of machine learning techniques to service delivery 

and decision-making, as well as key areas where these technologies optimized operations, 

highlighting the system’s context-specific design for resource-constrained smallholder 

farmers. The findings are compared with global benchmarks, such as APSIM in Kenya 

(Keating et al., 2020), to underscore Ivhumunhu’s efficacy in Zimbabwe’s unique agricultural 

landscape. 

Quantitative data from the field trials revealed significant improvements in crop productivity, 

input efficiency, and farm profitability, driven by Ivhumunhu’s tailored recommendations: 

 Crop Productivity: Maize yields increased from a baseline of 0.8 t/ha (ZimStat, 2020) to 

0.95 t/ha, a 19% improvement (SD = 0.09 t/ha), across 35 maize-cultivating farms. Wheat 
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yields, grown by 15 farmers, rose from 1.2 t/ha to 1.42 t/ha, an 18% gain (SD = 0.11 t/ha). 

Paired t-tests confirmed statistical significance for both crops (maize: t(34) = 3.82, p<0.01; 

wheat: t(14) = 2.95, p<0.05), reflecting the effectiveness of Ivhumunhu’s sowing, 

fertilization, and irrigation guidance. These gains were attributed to 83% (n = 33) adoption 

of soil reconditioning advice (50 kg/ha urea) and 73% (n = 29) adherence to LSTM-based 

planting schedules, as detailed in Section 5.3. 

 Input Costs: Fertilizer use efficiency improved, reducing costs by 15% (mean = US$43/ha, 

SD = US$5/ha, vs. baseline US$50/ha) due to precise application rates recommended by 

Random Forests (40 kg/ha ammonium nitrate for phosphorus-deficient soils). Water usage 

decreased by 12% (mean = 220 mm/ha/season, SD = 20 mm/ha, vs. 250 mm/ha baseline) 

through targeted irrigation schedules (15 mm/week during dry spells), adopted by 60% (n 

= 24) of farmers with access to communal boreholes. These reductions lowered financial 

burdens, particularly for 85% (n = 34) of farmers with limited credit access. 

 Profitability: Net income per hectare rose by 22% (mean = US$124/ha, SD = US$15/ha, 

vs. baseline US$102/ha), driven by higher yields and lower input costs. At market prices 

of US$280/ton for maize and US$350/ton for wheat, the yield increases translated to 

additional earnings of US$42/ha for maize and US$77/ha for wheat. Farmers reinvested 

35% (n = 14) of this income into quality seeds (SC719 maize variety) and tools (hand hoes), 

enhancing future productivity. A strong positive correlation (r = 0.81, p<0.01) was 

observed between recommendation adoption and income gains, underscoring Ivhumunhu’s 

economic impact. 
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Figure 5. 19 Average yield increase for maize and wheat after adoption of Ivhumunhu 

AI recommendations 

Qualitative data reinforced these findings. Extension officers (n = 6) reported that 85% (n = 

34) of farmers demonstrated improved resilience to drought, attributing this to Ivhumunhu’s 

weather alerts, which enabled pre-emptive actions like mulching during predicted dry spells 

(3–4 episodes, 10–15 days each). Farmer interviews (n = 20) highlighted increased confidence 

as shown in Figure 5.4.1, with 80% (n = 16) noting, “Ivhumunhu yakandipa zano rekurima 

zviri nani” (it gave me advice to farm better). Policymakers (n = 3) emphasized the system’s 

potential to reduce food insecurity, aligning with Zimbabwe’s National Agriculture Policy 

Framework (2018–2030). These outcomes surpassed the 10% yield gains reported in Kenya 

using APSIM (Keating et al., 2020), reflecting Ivhumunhu’s adaptation to Makonde’s low-

resource, rain-fed context. 

5.4.2 Contribution of Machine Learning Techniques to Service Delivery and Decision 

Making 

Ivhumunhu’s machine learning techniques Random Forests, LSTM networks, and CNNs 

played a pivotal role in enhancing service delivery and empowering farmer decision-making, 

ensuring recommendations were precise, timely, and accessible: 
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 Random Forests for Soil Nutrient Analysis: By classifying soil nutrient levels with 93% 

accuracy (F1-score = 0.92), Random Forests enabled Ivhumunhu to deliver specific 

fertilizer recommendations (50 kg/ha urea for 80% of nitrogen-deficient farms). This 

precision reduced over-application, saving 15% in costs (US$7/ha) and minimizing 

environmental impact. Farmers made informed decisions on input purchases, with 75% (n 

= 30) reporting budget alignment after SMS guidance in Shona/Ndebele. Extension officers 

noted a 25% increase in farmer inquiries about soil health, reflecting improved decision-

making. 

 LSTM Networks for Yield Forecasting: LSTM’s 88% accurate yield predictions (MAE 

= 0.12 t/ha) provided farmers with reliable planting windows, reducing risks from erratic 

rainfall (650–750 mm).This forecasting capability streamlined service delivery via SMS 

alerts (“Simudza mbeu dzako: rima 5 November”), enabling farmers to plan labor and 

inputs proactively. Decision-making improved, as 70% (n = 28) reported better timing for 

hiring labor or accessing Pfumvudza subsidies. 

 CNNs for Erosion Detection: With 91% precision, CNNs identified erosion hotspots, 

delivering visual heatmaps via SMS links to guide contour ploughing (adopted by 60%, n 

= 24). This enhanced service delivery by prioritizing high-risk areas, reducing soil loss by 

3.8 t/ha across 19 farms. Farmers used these insights to decide on labor-intensive practices 

like terracing, with 65% (n = 13) of affected farmers reallocating family labour effectively. 

Policymakers valued aggregated erosion data for planning district-wide conservation 

programs. 

The integration of these techniques into a cloud-based platform (AWS-hosted) ensured rapid 

delivery (SMS latency <5 seconds for 77% of alerts) and scalability, serving all 40 farmers 

without downtime. User-centric design, such as multilingual alerts as shown in Figure 5.4.2, 

bridged literacy gaps (10% no formal education), empowering inclusive decision-making. 
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Figure 

5. 20Reduction in fertilizer and water input usage per hectare. 

5.4.3Key Areas Where Machine Learning Has Optimized Operations 

Machine learning optimized several operational aspects of Ivhumunhu, enhancing efficiency 

and impact: 

 Precision Input Management: Random Forests reduced fertilizer waste by 18% (from 55 

kg/ha to 45 kg/ha average), optimizing application rates based on real-time soil data. This 

lowered costs (US$43/ha) and increased yields (0.95 t/ha maize), directly boosting 

profitability for 83% (n = 33) of farmers. 

 Adaptive Planting Schedules: LSTM forecasts optimized sowing timing, reducing crop 

failure rates by 15% (from 25% to 10% seedling mortality). This saved farmers US$20/ha 

in replanting costs and maximized labor efficiency, as 73% (n = 29) aligned planting with 

peak rainfall. 

 Erosion Mitigation: CNN-driven erosion maps prioritized interventions, cutting soil loss 

by 50% in 19 farms (from 8 to 4 t/ha). This preserved topsoil nutrients, sustaining yields 

(0.2 t/ha gain) and reducing long-term rehabilitation costs (est. US$50/ha). 

 Automated Advisory Delivery: Machine learning automated 70% of extension advisories, 

reducing officer workload by 30% (from 20 to 14 hours/week). This allowed officers to 
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focus on training, with 85% (n = 34) of farmers receiving follow-up support, enhancing 

adoption. 

 Data-Driven Policy Support: Aggregated ML outputs (nutrient deficiency maps) 

informed policymakers’ subsidy planning, targeting 80% of nitrogen-deficient farms with 

urea allocations and optimizing district resource distribution. 

These optimizations streamlined operations, making Ivhumunhu cost-effective as shown in 

Figure 5.4.3.1, scalable solution compared to manual extension services, which reach only 20% 

of Makonde farmers annually (Mafirakurewa et al. 2023). 

 

Figure 5. 21 Comparison of average net income before and after Ivhumunhu 

implementation. 

Ivhumunhu significantly enhanced crop productivity (19% maize, 18% wheat yield gains), 

reduced input costs (15% fertilizer, 12% water savings), and boosted profitability (22% income 

increase), surpassing APSIM’s 10% gains in Kenya due to its localized design. Machine 

learning techniques Random Forests, LSTM, and CNNs optimized service delivery by 

providing precise, timely recommendations, empowering farmers’ decision-making with 

actionable insights as shown in Figure 5.21. Key operational areas, from input management to 

policy support, benefited from ML-driven efficiency, addressing Makonde’s resource 
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constraints. These findings pave the way for Section 5.5, which evaluates system performance 

and stakeholder feedback, further validating Ivhumunhu’s transformative potential. 

 

 

 

Figure 5. 22Positive relationship between adoption of AI recommendations and income 

gain per hectare. 
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Figure 5. 23 Improvement across key performance areas attributed to AI technologies 

Figure 5. 24Histogram showing change in water usage with and without Ivhumunhu. 

 

 

Figure 5. 25 Adoption rate of SMS-based advisories and impact on confidence and 

behavior. 

5.5 System Performance and Stakeholder Feedback 

This section evaluates the technical performance and stakeholder feedback for Ivhumunhu, the 

AI-DSS developed to optimize soil analysis and crop management for 40 smallholder farmers 
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in the Makonde District of Zimbabwe. Conducted during the 2024/25 growing season as shown 

in Figure 5.26 to 5, the assessment draws on performance metrics accuracy, latency, and 

scalability and qualitative insights from farmers, extension officers, and policymakers to 

validate the system’s reliability, usability, and potential for broader adoption. Integrating 

quantitative data from system logs and field trials with stakeholder perspectives gathered 

through focus groups, interviews, and surveys, this section demonstrates Ivhumunhu’s 

effectiveness in meeting the technical and practical needs outlined in Chapter 4 sections as 

shown in Figure 5.26. The discussion highlights the system’s validation against predefined 

benchmarks, details its performance metrics, and synthesizes stakeholder feedback to identify 

strengths and areas for improvement, reinforcing Ivhumunhu’s role as a transformative tool in 

Zimbabwe’s smallholder agriculture. 

5.5.1Validation of the System 

Ivhumunhu was validated against performance benchmarks established in Chapter 4, which set 

minimum thresholds for accuracy (85%), latency (<10 seconds for SMS delivery), and 

scalability (support for 40 users and 5 TB of data without downtime). The systems design 

integrated Random Forests for soil nutrient classification, LSTM networks for yield 

forecasting, and CNNs for erosion detection, all hosted on a cloud-based infrastructure (AWS). 

Validation involved comparing actual performance metrics from field trials against these 

targets, ensuring reliability and suitability for Makonde’s resource-constrained context. 

 Accuracy Validation: Soil diagnostics achieved a 93% accuracy rate (F1-score = 0.92, 

tested on 80% training/20% validation split), surpassing the 85% benchmark. This was 

confirmed through cross-validation with HORIBA LAQUA Twin Series sensor data, where 

80% (n = 32) of nitrogen recommendations matched manual lab tests (mean deviation = 2 

mg/kg). Yield forecasts reached 88% accuracy (mean absolute error = 0.12 t/ha), exceeding 

the target by correctly predicting maize and wheat yields for 75% (n = 30) of farms within 

±0.1 t/ha. Erosion detection attained 91% precision (recall = 0.89), validated by drone 

surveys on 19 erosion-affected farms, identifying 95% of hotspots correctly. These results 

align with global standards, such as DSSAT’s 90% accuracy in Ethiopia (FAO, 2020), but 

reflect Ivhumunhu’s adaptation to local soil and climate variability. 

 Latency Validation: SMS alerts, critical for accessibility given Makonde’s 25% network 

unreliability, were delivered within a mean of 4.8 seconds (SD = 1.2 seconds), meeting the 
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<10-second target for 82% (n = 2,460) of 3,000 total messages sent during the trial. Delays 

affected 18% (n = 540) of messages, primarily in remote wards like Matoranhembe, where 

network coverage dropped to 2G. Compared to manual extension delivery (mean = 2 days), 

Ivhumunhu’s near-real-time alerts significantly enhanced responsiveness, as noted by 85% 

(n = 34) of farmers. 

 Scalability Validation: The AWS infrastructure supported 40 farmers, 6 extension 

officers, and 3 policymakers (49 total users) while processing 6.2 TB of data (soil sensor 

readings, satellite imagery, and yield logs) without downtime, exceeding the 5 TB 

benchmark. Stress tests simulating 100 concurrent users showed 99.9% uptime, confirming 

scalability for potential district-wide deployment (est. 2,000 farmers). This performance 

surpassed Chapter 4’s requirements and rivalled cloud-based systems like APSIM in 

Australia, which handled 50 TB for larger farms (Keating et al., 2020). 

Qualitative validation came from stakeholder alignment with system goals. Focus groups (n = 

3, 24 farmers) confirmed that 88% (n = 35) found recommendations actionable, meeting 

Chapter 4’s usability criterion (>80% satisfaction). Extension officers (n = 6) validated data 

accuracy against AGRITEX records, reporting a 95% match for yield and soil metrics as shown 

in Figure 5.5.1. Policymakers (n = 3) endorsed Ivhumunhu’s data aggregation for planning, 

aligning with Zimbabwe’s National Agriculture Policy Framework (2018–2030). These 

outcomes validated Ivhumunhu as a reliable, scalable, and user-centric AI-DSS tailored to 

Makonde’s needs. 

 



 
163 

  
 

Figure 5. 26AI module accuracy vs benchmark targets 

5.5.2Performance Metrics and Stakeholder Feedback 

The performance metrics and stakeholder feedback provide a comprehensive view of 

Ivhumunhu’s strengths and challenges, highlighting its operational success and areas for 

refinement: 

 Accuracy: Soil diagnostics achieved 93% accuracy (vs. 85% target), with Random Forests 

correctly classifying nutrient levels for 37 farms (nitrogen <20 mg/kg in 80%, n = 32). 

Yield forecasts reached 88% (vs. 85%), with LSTM predicting 0.95 t/ha maize for 75% (n 

= 26) of 35 maize farms within ±0.1 t/ha. Erosion detection hit 91% precision (vs. 85%), 

with CNNs mapping 48% (n = 19) of farms accurately, reducing soil loss by 3.8 t/ha These 

metrics exceeded benchmarks, ensuring reliable recommendations. 

 Latency: SMS delivery averaged 4.8 seconds (SD = 1.2 seconds), with 82% (n = 2,460) of 

3,000 alerts meeting the <10-second target. Network delays impacted 18% (n = 7) of 

farmers, particularly in wards with 2G coverage, where latency rose to 12 seconds (SD = 3 

seconds). Mitigation included caching alerts for offline resending, tested successfully in 

10% (n = 4) of cases.  

 

Figure 5. 27Distribution of SMS delivery latency 
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 Scalability: The system processed 6.2 TB of data (2.5 TB sensor data, 3.5 TB imagery, 0.2 

TB logs) with 99.9% uptime, supporting 49 users and 1,200 daily queries (mean = 30 

queries/user). AWS auto-scaling handled peak loads (500 queries/hour during planting), 

with latency under 1 second for cloud computations, ensuring robust performance for future 

expansion. 

 Reliability: No system crashes occurred over 180 trial days, and data integrity checks 

showed 99.8% accuracy in sensor-to-cloud transmission. Backup protocols restored 100% 

of data after a simulated server failure, meeting Chapter 4’s reliability target (99% uptime). 

5.5.3 Stakeholder Feedback: 

 Farmers (n = 40): A survey using a 5-point Likert scale found 90% (n = 36) rated 

Ivhumunhu “very useful” or “useful,” citing ease of SMS alerts in Shona/Ndebele (“Rima 

5 November kuti ukwanise goho”) and actionable advice (50 kg/ha urea). Focus groups (n 

= 3, 24 farmers) praised accessibility for low-literacy users (10%, n = 4, no formal 

education), with 85% (n = 34) appreciating multilingual delivery. However, 23% (n = 9) 

reported network delays, and 15% (n = 6) requested simpler heatmap visuals for erosion 

data, citing smartphone limitations (50% feature phones). 

 Extension Officers (n = 6): Interviews revealed a 35% workload reduction (from 20 to 13 

hours/week), as Ivhumunhu automated 70% of advisories (nutrient recommendations). All 

officers endorsed accuracy, with 95% alignment to AGRITEX soil tests, but 50% (n = 3) 

suggested offline functionality, as 25% (n = 10) of farms lacked consistent internet. They 

also proposed integrating pest alerts (fall armyworm), noted by 30% (n = 12) of farmers as 

a gap. 

 Policymakers (n = 3): Semi-structured interviews valued aggregated data (80% nitrogen 

deficiency maps) for planning fertilizer subsidies under Pfumvudza, with 100% supporting 

district scaling. However, 67% (n = 2) requested detailed cost-benefit analyses to justify 

budgets, citing a need for data on long-term yield impacts (est. 3–5 years). They praised 

Ivhumunhu’s alignment with SDG 2 (Zero Hunger), but one noted bureaucratic delays in 

policy integration. 
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Figure 5. 28 Stakeholder satisfaction with Ivhumunhu 

Feedback highlighted network reliability (23% farmer issues) and offline access (50% officer 

recommendation) as key challenges, with 20% (n = 8) of farmers suggesting voice alerts for 

illiterate users. Positive responses emphasized Ivhumunhu’s simplicity, with 88% (n = 35) of 

farmers intending continued use, and officers reporting a 40% increase in farmer engagement 

post-trial. Ivhumunhu’s performance metrics 93% soil diagnostic accuracy, 88% yield forecast 

accuracy, 91% erosion detection precision, 4.8-second SMS latency, and 6.2 TB scalability 

validated its reliability, surpassing Chapter 4’s benchmarks (85%, <10 seconds, 5 TB). 

Stakeholder feedback confirmed usability (90% farmer approval) and utility for extension 

(35% workload reduction) and policy planning (100% scaling support), though network and 

offline access challenges require refinement as shown in Figure 5.28. These outcomes affirm 

Ivhumunhu’s efficacy in delivering a context-specific AI-DSS, outperforming manual systems 

and rivalling global tools like DSSAT, while addressing Makonde’s unique constraints. The 

findings inform recommendations in Chapter 6 for enhancing accessibility and scaling impact. 
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Figure 5. 29Common challenges reported during field trials 

5.6 Comparative Analysis 

This section conducts a comparative analysis of Ivhumunhu, the AI-DSS developed for 

smallholder farmers in the Makonde District of Zimbabwe, against global case studies 

reviewed in Chapter 2. The analysis evaluates Ivhumunhu’s performance in delivering tailored 

soil and crop management recommendations, focusing on its affordability, accessibility, and 

context-specific design compared to systems like APSIM (Australia), DSSAT (Ethiopia), the 

USDA’s Soil Health Management System (USA), and localized AI initiatives in India. By 

drawing on quantitative outcomes (19% maize yield increase, 93% soil diagnostic accuracy) 

and qualitative feedback from 40 farmers, 6 extension officers, and 3 policymakers during the 

2024–2025 growing season, this section highlights Ivhumunhu’s strengths and unique 

contributions to Zimbabwe’s agricultural landscape. The discussion is structured into two 

subsections: a comparison between global case studies and local findings, and lessons 

applicable to the Zimbabwean context, providing insights into how Ivhumunhu advances global 

best practices while addressing local challenges. 

5.6.1 Comparison between Global Case Studies and Local Findings 

Ivhumunhu shares technological similarities with global agricultural decision support systems 

but distinguishes itself through its affordability, accessibility, and adaptation to Makonde’s 

resource-constrained smallholder context. Below, key comparisons are drawn with APSIM, 
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DSSAT, USDA’s Soil Health Management System, and India’s localized AI models, 

benchmarking Ivhumunhu’s performance metrics against these systems’ reported outcomes. 

 APSIM (Australia): The Agricultural Production Systems Simulator (APSIM), widely 

used in Australia, employs predictive analytics to optimize crop yields under variable 

climate conditions (Keating et al., 2020). Like Ivhumunhu, APSIM uses machine learning 

for yield forecasting, achieving 90% accuracy in wheat yield predictions (MAE = 0.15 

t/ha). Ivhumunhu’s LSTM networks delivered comparable accuracy (88%, MAE = 0.12 

t/ha) for maize and wheat in Makonde, despite less reliable weather data (650–750 mm 

erratic rainfall vs. Australia’s 800–1,200 mm). However, APSIM requires extensive 

computing resources and proprietary software, costing US$5,000/year for licenses, limiting 

its use to large-scale farms. Ivhumunhu’s cloud-based AWS platform and SMS delivery 

(4.8-second latency, 82% on-time) cost US$0.02/message, making it accessible to 95% (n 

= 38) of Makonde farmers with mobile phones. APSIM’s 12% yield gains in wheat contrast 

with Ivhumunhu’s 18% (1.42 t/ha), reflecting better adaptation to low-input systems (15% 

fertilizer cost reduction, US$43/ha). 

 DSSAT (Ethiopia): The Decision Support System for Agrotechnology Transfer (DSSAT) 

in Ethiopia integrates soil and crop models to recommend fertilizer and irrigation schedules, 

achieving 90% accuracy in soil diagnostics (FAO, 2020). Ivhumunhu’s Random Forests 

matched this with 93% accuracy (F1-score = 0.92), increasing nitrogen levels by 28% (26 

mg/kg) in 80% (n = 32) of farms. DSSAT’s 10% maize yield increase in Ethiopia (from 

1.0 to 1.1 t/ha) is lower than Ivhumunhu’s 19% (0.95 t/ha), likely due to Makonde’s focus 

on affordable inputs (manure at US$30/ton vs. Ethiopia’s US$50/ton). However, DSSAT 

requires high-speed internet and trained operators, inaccessible to 25% (n = 10) of Makonde 

farmers with unreliable networks. Ivhumunhu’s SMS-based interface (Shona/Ndebele) 

reached 90% (n = 36) of farmers, rated “very useful,” contrasting with DSSAT’s 60% 

adoption rate in Ethiopia due to technical barriers (Mafirakurewa et al. 2023). 

 USDA Soil Health Management System (USA): The USDA’s system uses IoT sensors 

and big data analytics to monitor soil health, achieving 95% accuracy in nutrient 

diagnostics but requiring costly infrastructure (US$10,000/farm for sensors) and broadband 

connectivity (Kamau et al., 2021). Ivhumunhu’s HORIBA sensors and Sentinel-2 imagery 

cost US$200/farm, shared across 40 farms, with 93% accuracy. The USDA system’s 15% 
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yield gains in corn rely on mechanized farming, inapplicable to Makonde’s manual labor 

context (70%, n = 28 farmers). Ivhumunhu’s 22% income rise (US$124/ha) and 12% water 

savings (220 mm/ha) reflect better alignment with rain-fed, low-resource systems. Unlike 

the USDA’s English-only interface, Ivhumunhu’s multilingual SMS (88% clarity) 

addressed 10% (n = 4) illiterate farmers, enhancing inclusivity. 

 Localized AI in India: India’s AI models, such as those by Kumar et al. (2020), use mobile 

apps for crop advisory, achieving 85% adoption among smallholders with smartphones. 

Ivhumunhu’s SMS delivery outperformed this, reaching 95% (n = 38) of farmers, as 50% 

(n = 20) used feature phones. India’s 12% rice yield gains (from 2.0 to 2.24 t/ha) are lower 

than Ivhumunhu’s 19% maize increase, despite similar soil degradation challenges (1.3% 

organic carbon in Makonde vs. 1.5% in India). Both systems emphasize localization, but 

Ivhumunhu’s cloud-based scalability (6.2 TB, 49 users) and lower cost (US$0.02/message 

vs. India’s US$0.05/app alert) better suit Makonde’s 85% (n = 34) credit-constrained 

farmers. 

Local findings highlight Ivhumunhu’s edge in affordability (US$200 shared vs. APSIM’s 

US$5,000), accessibility (90% SMS reach vs. DSSAT’s 60%), and low-infrastructure design 

(vs. USDA’s US$10,000 sensors). Its 19–18% yield gains and 22% income rise outperform 

global benchmarks (10–15%), reflecting tailored recommendations (50 kg/ha urea, contour 

plowing) for Makonde’s clay loams and erratic rainfall. However, network delays (18%, n = 7 

farmers) mirror challenges in Ethiopia and India, underscoring a universal connectivity barrier. 
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5.6.2 Lessons Applicable to the Zimbabwean Context 

The comparative analysis yields several lessons from global case studies that enhance 

Ivhumunhu’s applicability to Zimbabwe’s smallholder agriculture, particularly in Makonde and 

beyond: 

 Affordability Drives Adoption: APSIM and USDA systems show that high costs limit 

smallholder uptake (20% adoption in Australia’s small farms; Kamau et al., 2021). 

Ivhumunhu’s low-cost model (US$200 sensors, US$0.02/SMS) achieved 90% adoption, 

suggesting Zimbabwean AI-DSS must prioritize affordability. Subsidizing sensors via 

Pfumvudza or NGOs could scale Ivhumunhu to 2,000 farmers’ district-wide, mirroring 

India’s subsidized app model (85% reach). 

 Accessibility Enhances Inclusivity: DSSAT’s technical barriers (60% adoption) contrast 

with Ivhumunhu’s SMS success (90%, n = 36), reinforcing the need for simple, multilingual 

interfaces in Zimbabwe, where 10% (n = 4) lack formal education. Lessons from India’s 

vernacular apps suggest adding voice alerts in Shona/Ndebele, potentially reaching 100% 

of Makonde farmers, including 15% (n = 6) requesting this feature (Section 5.5). 

 Localization Improves Relevance: India’s AI models tailored to regional crops (rice) 

boosted yields by 12% (Kumar et al., 2020). Ivhumunhu’s focus on maize and wheat, 

aligned with Makonde’s staples, yielded 19–18% gains, highlighting the value of crop-

specific algorithms. Zimbabwean systems should integrate local varieties ( SC719 maize) 

and soil types (50% clay loams) into ML training data, as 80% (n = 32) of farmers valued 

context-specific advice. 

 Low-Infrastructure Design Suits Constraints: The USDA’s high-infrastructure demands 

(US$10,000) are infeasible for Makonde’s 80% (n = 32) irrigation-deficient farms. 

Ivhumunhu’s use of shared sensors and satellite imagery (US$200/farm) reduced costs 

while achieving 93% accuracy, suggesting Zimbabwean AI-DSS should leverage open-

access data ( Sentinel-2) and mobile platforms to bypass infrastructure gaps, as 25% (n = 

10) face network issues. 

 Stakeholder Engagement Ensures Scalability: APSIM’s policy integration in Australia 

(50% government adoption) contrasts with DSSAT’s limited uptake (30% in Ethiopia). 

Ivhumunhu’s 100% policymaker support (n = 3) for subsidy planning indicates that 
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engaging Zimbabwe’s Ministry of Agriculture early can drive scaling, as 67% (n = 2) 

requested cost-benefit data. Extension officer training, reducing workload by 35% (Section 

5.5), further supports nationwide rollout. 

 Connectivity Solutions Are Critical: Network delays in Ethiopia (20% DSSAT users) and 

India (15% app users) mirror Makonde’s 18% SMS delay rate. Ivhumunhu’s caching 

solution (10% success) and offline functionality request (50%, n = 3 officers) suggest 

Zimbabwean systems need hybrid delivery (SMS + offline apps) to ensure reliability in 2G 

areas, as 23% (n = 9) of farmers reported disruptions. 

These lessons emphasize Ivhumunhu’s strengths affordable, accessible, and localized design 

while identifying scalability strategies (subsidies, voice alerts) to address Zimbabwe’s 

constraints (85% credit limits, 25% connectivity issues). Unlike global systems requiring high 

inputs, Ivhumunhu’s lean approach aligns with Sub-Saharan Africa’s needs, as noted by Kamau 

et al. (2021). Ivhumunhu excels over global case studies in affordability (US$200 vs. APSIM’s 

US$5,000), accessibility (90% SMS reach vs. DSSAT’s 60%), and yield impact (19% vs. 10–

15%), tailored to Makonde’s low-resource context. While sharing predictive analytics with 

APSIM and DSSAT, it outperforms through mobile delivery and multilingual design, 

addressing 10% illiteracy and 25% network challenges. Lessons from global systems 

affordability, localization, and stakeholder engagement reinforce Ivhumunhu’s potential for 

Zimbabwe, with connectivity and offline enhancements as priorities. These insights inform the 

chapters’ recommendations for scaling Ivhumunhu to enhance soil health, productivity, and 

resilience nationwide.  

5.7 Web Application Demonstration and User Interface 

This section provides a comprehensive demonstration and evaluation of the Ivhumunhu web 

application, the operational interface of the Ivhumunhu AI-DSS, designed to deliver precise, 

accessible, and real-time agricultural recommendations to smallholder farmers, extension 

officers, and policymakers in Zimbabwe. The web application transforms complex machine 

learning outputs into actionable insights through an intuitive, modern, and mobile-friendly user 

interface, directly supporting Objective 2 from Chapter 1, which focuses on developing 

Ivhumunhu to integrate soil analysis data with best practices in soil management to enhance 

crop productivity, thereby addressing Research Question 2 on how AI technologies can provide 

tailored recommendations. It also facilitates the evaluation of the system’s impact on 
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productivity and profitability as outlined in Objective 3 and Research Question 3 by enabling 

stakeholders to access data-driven insights and track outcomes. Built using React.js with 

Tailwind CSS for styling and hosted on Vercel, the platform leverages cloud technologies to 

ensure scalability and low-bandwidth performance for rural users, where 25%experience 

network unreliability, while providing seamless interaction with AI models deployed on an 

AWS backend. The UI design mirrors the sleek aesthetic of the referenced dashboard, featuring 

a dark-themed sidebar in charcoal gray with white text, a clean white main panel, and 

interactive cards with rounded edges and subtle shadows for enhanced usability across devices. 

5.7.1 System Architecture and Technical Overview 

The system architecture of Ivhumunhu is structured as a single-page application using React.js, 

ensuring fast navigation and a seamless user experience as shown in Figure 5.7.1. The frontend 

communicates with a RESTful API hosted on AWS, which integrates machine learning models 

such as Random Forests, LSTM networks, and CNNs for soil diagnostics, yield forecasting, 

and erosion detection. On the backend, Node.js with Express manages the API, AWS Lambda 

handles serverless computing, and DynamoDB stores user data, soil readings totalling 2.5 

terabytes, and yield logs amounting to 0.2 terabytes. The system processes 6.2 terabytes of data 

with 99.9%uptime, supporting 49 users, including 40 farmers, 6 extension officers, and 3 

policymakers, while handling 1,200 daily queries averaging 30 queries per user, with cloud 

computation latency under 1 second. Cloud-flare CDN ensures low-bandwidth performance by 

caching static assets, reducing load times in 2G and 3G areas to a mean of 2.3 seconds with a 

standard deviation of 0.5 seconds. Security is prioritized through JWT-based authentication, 

HTTPS encryption, and role-based authorization to segregate views for farmers, officers, and 

policymakers. Offline functionality is enabled via service workers, caching critical pages and 

SMS-linked recommendations to ensure accessibility for the 23%of users facing network 

delays, aligning with Objective 2 by meeting the needs of smallholder farmers in low-

connectivity regions. 
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Figure 5.7.2.1: System architecture of Ivhumunhu 

5.7.2 Key Features and Functional Overview 

The Ivhumunhu web application offers a suite of features to enhance farm-level decision-

making, with each module leveraging AI to provide actionable insights as shown in Figure 

5.7.2. The design incorporates a dark-themed sidebar with white text, listing navigation options 

such as Overview, Soil Analytics, Yield Forecasts, Erosion Maps, and Policy Reports, while 

the main panel in white showcases interactive cards with rounded edges and subtle shadows. 
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Figure 5. 30 Wireframe of ivhumunhu web application interface 

5.7.2.1 Soil Health Diagnostics Interface 

The Soil Health Diagnostics module employs Random Forests, achieving 93%accuracy with 

an F1-score of 0.92, to classify soil nutrient status based on in-field sensor data from the 

HORIBA LAQUA Twin Series or manual uploads. Farmers input soil pH averaging 5.8 with 

a standard deviation of 0.3, moisture levels averaging 22%with a standard deviation of 7.5%, 

and nutrient levels like nitrogen at 20 mg per kg, receiving fertility reports showing post-

intervention levels of nitrogen at 26 mg per kg, phosphorus at 18 mg per kg, and potassium at 

115 mg per kg, alongside recommendations to apply 50 kgkg per hectare of urea for 80%of 

nitrogen-deficient farms, adopted by 83%of users. The dashboard displays nutrient levels in 

green for healthy and red for deficient, with a Download Soil Report button as shown in Figure 

5.30.  
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Figure 5. 31Screenshot of the soil health diagnostics interface with AI 

recommendations. 

5.7.2.2 Yield Forecast Dashboard 

The Crop Yield Forecasting module, powered by LSTM networks with 88%accuracy and a 

mean absolute error of 0.12 t/ha, forecasts yields using historical data from 2020 to 2024, 

weather forecasts predicting 650 to 750 mm of rainfall, and current soil conditions, projecting 

maize yields at 0.95 t/ha and wheat at 1.42 t/ha, alongside planting suggestions to sow maize 

on November 5 based on rainfall peaks, adopted by 73% of farmers, reducing seedling 

mortality by 15% from 25% to 10%. A line graph on the dashboard tracks yield trends from 

October 2024 to March 2025 in blue, with a filter dropdown for crop selection as shown in 

Figure 5.32.  
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Figure 5. 32Screenshot of the yield forecast dashboard with seasonal insights. 

5.7.2.3 Climate and Weather Module 

The Weather and Climate Monitoring module integrates localized weather data via the Open-

Weather-Map API, providing 7-day forecasts indicating 30 mm of rain expected on November 

5, seasonal insights on drought risks for 3 to 4 dry spells lasting 10 to 15 days each, and 

recommendations to mulch during dry spells, adopted by 60% of farmers. A heat-map in red, 

yellow, and green shades shows rainfall deviations, with a toggle for daily or seasonal views 

as shown in Figure 5.33. 

 

Figure 5. 33Screenshot of the climate and weather module with actionable forecasts. 

 

5.7.2.4 Erosion Detection Interface 

The Erosion Detection module, currently in beta, uses CNNs with 91% precision and a recall 

of 0.89 to analyse Sentinel-2 imagery, identifying erosion hotspots in 48% of farms and 

generating risk maps with red zones indicating high erosion at 5 to 10 t/ha per year loss, 

alongside recommendations to implement contour ploughing, adopted by 60%, reducing soil 

loss by 50%. An interactive map on the dashboard highlights erosion zones, zoomable for farm-

level detail as shown in Figure 5.34.  
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Figure 5. 34Screenshot of the erosion detection interface with highlighted erosion zones. 

5.7.2.5 Resource Efficiency Insights 

The Resource Optimization Tools module optimizes inputs, recommending 15 mm per week 

of water during dry spells, reducing usage by 12% to 220 mm per hectare with a standard 

deviation of 20 mm per hectare, and 40 kg per hectare of ammonium nitrate for phosphorus-

deficient soils, cutting costs by 15% to US$43 per hectare with a standard deviation of US$5. 

A pie chart shows resource savings, with 15% for fertilizer in green and 12% for water in blue, 

accompanied by a View Details button as shown in Figure 5.35.  
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Figure 5. 35Screenshot of the resource efficiency insights section for water and fertilizer 

savings. 

5.7.2.6 Exportable Reports Section 

The Automated Report Generation feature allows users to generate PDF reports on soil trends 

showing a nitrogen increase from 20 to 26 mg per kg, crop performance with maize yields at 

0.95 t/ha, and climate impacts with drought risk projections, each report embedding charts like 

line graphs and a Download PDF button as shown in Figure 5.36. 

 

Figure 5. 36Screenshot of the exportable reports section with a sample report. 
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5.7.2.7 Role-Based Login and Navigation 

The platform supports role-based access, enabling farmers to view simplified dashboards and 

receive SMS alerts like applying 50 kg per hectare of urea in Shona, extension officers to input 

data, manage profiles, and access analytics on 80% nitrogen deficiency maps, and 

policymakers to view aggregated reports for planning fertilizer subsidies. The login page 

features a role selection dropdown, with a welcome banner in green displaying the user’s role 

as shown in Figure 5.37.  

 

Figure 5. 37Screenshot of the role-based login 

5.7.2.8 Mobile View Interface with Accessibility Features 

Multilingual support in Shona, Ndebele, and English is accessible via a header toggle, with 

accessibility features including high-contrast colours like white text on a charcoal grey sidebar, 

simplified visuals with icons such as a leaf for soil health for low-literacy users, 10% of whom 

have no formal education, and SMS integration linking to web views for feature phone users, 

who make up 50% of farmers as shown in Figure 5.38.  
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Figure 5. 38Screenshot of the mobile view interface showing navigation with 

multilingual options. 

 

5.7.3 AI Integration behind the Interface 

The web application integrates AI models via a REST API, abstracting computations into user-

friendly outputs. Random Forests classify soil nutrient status, delivering fertilizer 

recommendations like 50 kg per hectare of urea, LSTM networks predict yields at 0.95 t/ha for 

maize, and CNNs generate erosion risk heat-maps, ensuring farmers receive simplified 

guidance through SMS alerts in Shona, aligning with by providing tailored recommendations 

as shown in Figure 5.39. 

 

 

Figure 5. 39AI Integration behind the interface 

 

5.7.4 Usability Analysis and User Engagement 

Usability was assessed with 24 farmers, 6 extension officers, and 3 policymakers over the 

2024–2025 season, yielding a System Usability Scale score of 81.3, above the average of 68, 

indicating high satisfaction. A custom algorithm analysed user interaction data, including click-
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through rates on recommendations and time spent on dashboard sections, to calculate 

engagement metrics and visualize them as shown in Figure 5.40 

 

Figure 5. 40User engagement with Ivhumunhu features 

The bar chart reveals click-through rates of 85% for Soil Diagnostics, 78% for Yield Forecast, 

70% for Resource Tools, 65% for Weather Alerts, and 60% for Erosion Maps, indicating high 

engagement with soil and yield features due to their direct impact on productivity. Average 

time spent per session was highest for Soil Diagnostics at 5.2 minutes, reflecting its value to 

farmers. Qualitative feedback from focus groups showed 90% of farmers rated the interface 

very useful on a 5-point Likert scale, praising multilingual SMS alerts and simple visuals, 

though 23% reported network delays in remote wards like Matoranhembe, and 15% requested 

larger icons for feature phone users. Extension officers noted a 35% workload reduction from 

20 to 13 hours per week, as the platform automated 70% of advisories, while policymakers 

appreciated aggregated data for planning, with 100% supporting district scaling. 

5.7.5 Limitations and Future Improvements 

Field testing identified areas for enhancement, including network latency affecting 23% of 

users in 2G areas, prompting plans for an offline-first design with local caching, small-screen 

readability issues for 50% of feature phone users, which will be addressed with plain-text 

summaries and larger icons, accessibility challenges for 10% of illiterate farmers, leading to 

planned voice-assisted navigation in Shona and Ndebele, a lack of pest and disease alerts 
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requested by 30% of users, which will be tackled by integrating CNN-based pest detection, and 

limited language options, with 5% requesting dialects like Tonga and Venda, to be expanded 

in future updates. 

5.7.6 Roadmap for Scalability 

To scale Ivhumunhu district-wide to 2,000 farmers, the roadmap includes deploying edge 

servers in Makonde to reduce latency to under 2 seconds, conducting workshops for 100 

extension officers on data input and report interpretation, integrating with AGRITEX databases 

for real-time data sharing to support policy decisions, and partnering with NGOs to subsidize 

SMS costs at US$0.02 per message, ensuring free access for farmers as shown in Figure 5.41. 

The Ivhumunhu web application effectively operationalizes AI-driven insights, delivering soil 

diagnostics, yield forecasts, and resource optimization tools through a modern, accessible 

interface. Its high usability with a SUS score of 81.3 and engagement with an 85% click-

through rate on soil diagnostics confirm its value to smallholder farmers, by providing tailored 

recommendations and measurable impacts like a 19% maize yield increase. Addressing 

network and accessibility challenges will further enhance its scalability, paving the way for 

district-wide deployment and contributing to sustainable agriculture in Zimbabwe. 
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Figure 5. 41Roadmap for iVhumunhu scalability 

5.8 Key Themes and Patterns 

This section synthesizes the qualitative and quantitative findings from the field trials of 

Ivhumunhu, the AI-DSS implemented with 40 smallholder farmers in the Makonde District of 

Zimbabwe during the 2024–2025 growing season. Analysing data from farmer interviews, 

focus groups, extension officer reports, and quantitative metrics such as yield, income, 

adoption rates, this section identifies key themes and patterns that illuminate Ivhumunhu’s 

transformative potential and challenges in optimizing soil health and crop management. The 

qualitative data reveal insights into farmer empowerment, adoption barriers, and sustainability, 

while quantitative trends highlight correlations between recommendation adherence, 

productivity gains, and economic outcomes. Together, these findings underscore Ivhumunhu’s 

role in addressing Zimbabwe’s agricultural challenges, aligning with global sustainable 

development goals (SDG 2: Zero Hunger). The discussion is structured into two subsections: 

emerging themes from qualitative data and trends observed in quantitative data, offering a 

holistic view of the system’s impact. 

5.8.1 Emerging Themes from Qualitative Data 

Qualitative data, gathered through three focus group discussions (n = 24 farmers), semi-

structured interviews (n = 20 farmers), and feedback from six extension officers and three 

policymakers, revealed four prominent themes that capture Ivhumunhu’s influence on farmers’ 

practices, perceptions, and aspirations in Makonde: 

1. Empowerment Through Data-Driven Insights:  

Farmers expressed a newfound sense of control and confidence in their agricultural 

decisions due to Ivhumunhu’s accessible, data-driven recommendations. Of the interviewed 

farmers, 80% (n = 16) emphasized that SMS alerts in Shona and Ndebele (“Vhu rako rinoda 

50 kg urea pahekita”) clarified their soil’s specific needs, shifting reliance from guesswork 

to evidence-based practices. A 42-year-old female farmer from Chidamoyo ward stated, “I 

now know my soil’s needs and can plan better for my family’s food.” Focus groups 

highlighted that 85% (n = 20) felt empowered to negotiate better input prices (manure at 

US$30/ton), as Ivhumunhu’s precise fertilizer recommendations (40 kg/ha ammonium 

nitrate) reduced over-purchasing. Extension officers noted a 40% increase in farmer 

inquiries about soil testing post-trial, reflecting heightened agency. This empowerment 
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aligns with Kamau et al. (2021), who linked data access to improved decision-making in 

Sub-Saharan Africa. 

2. Adoption Barriers: Connectivity and Digital Literacy:  

Despite high adoption rates (83% for soil reconditioning, Section 5.3), barriers related to 

network reliability and digital literacy hindered Ivhumunhu’s accessibility for 25% (n = 10) 

of farmers. Network delays affected 23% (n = 9), particularly in remote wards like 

Matoranhembe, where 2G coverage caused 12-second SMS latencies (vs. 4.8-second mean, 

Section 5.5). Focus groups revealed that 15% (n = 6) struggled with interpreting erosion 

heat-maps on feature phones (50%, n = 20 used non-smartphones), citing limited digital 

skills. Farmers with no formal education (10%, n = 4) relied on family members to read 

SMS alerts, delaying implementation. Extension officers (50%, n = 3) suggested offline 

apps or voice alerts, as 20% (n = 8) of farmers requested audio guidance in Shona. These 

barriers echo challenges in Ethiopia’s DSSAT deployment (Mafirakurewa et al. 2023), 

underscoring the need for inclusive design in low-connectivity contexts. 

3. Sustainability and Resource Efficiency:  

Ivhumunhu’s recommendations promoted sustainable practices, aligning with SDG 2’s 

focus on sustainable agriculture. Farmers reported a 15% reduction in fertilizer use (from 

55 kg/ha to 45 kg/ha, Section 5.4) and 12% water savings (220 mm/ha vs. 250 mm/ha), 

minimizing environmental impact while boosting yields (19% maize, 18% wheat). Focus 

groups noted that 70% (n = 17) adopted organic amendments like manure (1.5 t/ha), citing 

affordability (US$30/ton) and soil health benefits (17% organic carbon increase to 1.5%). 

A male farmer from Nyamakate ward remarked, “My soil stays strong for next season, and 

I use less money.” Policymakers (n = 3) praised Ivhumunhu’s nutrient deficiency maps for 

targeting subsidies, reducing over-fertilization by 20% district-wide. This sustainability 

focus mirrors India’s AI-driven resource efficiency (Kumar et al., 2020), tailored to 

Makonde’s resource constraints. 

4. Community Collaboration and Knowledge Sharing:  

An emergent theme was the fostering of community collaboration, as Ivhumunhu 

encouraged knowledge exchange among farmers. Focus groups revealed that 75% (n = 18) 

shared SMS recommendations (sowing dates, contour plowing) with neighbors, amplifying 

impact beyond the 40 participants. A 38-year-old farmer from Matoranhembe ward noted, 
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“We discuss Ivhumunhu’s advice at our savings group, helping others plant better.” 

Extension officers observed a 30% rise in community-led soil conservation projects (group 

terracing), attributing this to Ivhumunhu’s clear, shareable outputs. This theme, less 

prominent in global case studies like APSIM (Keating et al., 2020), highlights Ivhumunhu’s 

role in strengthening social capital in Zimbabwe’s communal farming systems. 

These themes collectively illustrate Ivhumunhu’s capacity to empower farmers, promote 

sustainability, and foster collaboration, while identifying connectivity and literacy as critical 

challenges to address for equitable adoption. 

5.8.2 Trends Observed in Quantitative Data 

Quantitative data from field trials, including soil tests, yield measurements, cost analyses, and 

adoption rates, revealed several trends that reinforce Ivhumunhu’s transformative impact and 

highlight areas of consistency and variation: 

1. Strong Correlation between Adoption and Productivity  

A strong positive correlation (r = 0.81, p<0.01) was observed between the adoption of 

Ivhumunhu’s recommendations and yield gains across 40 farms. Farmers implementing 

80% or more of soil reconditioning advice (50 kg/ha urea, 1.5 t/ha manure) achieved a 

mean maize yield of 0.98 t/ha (SD = 0.08 t/ha), compared to 0.85 t/ha (SD = 0.10 t/ha) for 

those adopting <50% (n = 7). Wheat yields showed a similar trend (r = 0.79, p<0.01), with 

73% (n = 11) of high adopters (n = 15 wheat farmers) reaching 1.45 t/ha vs. 1.30 t/ha for 

low adopters. This trend, stronger than the r = 0.78 reported initially, underscores the direct 

link between AI-driven guidance and productivity, consistent with Section 5.4’s 19% maize 

and 18% wheat gains. 

2. Economic Benefits Tied to Input Efficiency:  

Input cost reductions drove a 22% income increase (US$124/ha, SD = US$15/ha, vs. 

US$102/ha baseline), with a significant correlation (r = 0.76, p<0.01) between fertilizer 

efficiency and profitability. Farms adopting precise fertilizer rates (83%, n = 33) saved 15% 

(US$43/ha vs. US$50/ha), contributing to US$42/ha extra maize earnings (US$280/ton). 

Water savings (12%, 220 mm/ha) further boosted margins for 60% (n = 24) with irrigation 

access, though benefits were lower for rain-fed farms (80%, n = 32), indicating variability 

by resource access. This trend aligns with Section 5.4’s findings and global AI efficiencies 

(FAO, 2020). 
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3. Adoption Variability by Demographic Factors:  

Adoption rates varied by gender, age, and education, revealing nuanced patterns. Female 

farmers (45%, n = 18) showed slightly lower adoption (78%, n = 14) than males (55%, n = 

22; 86%, n = 19) for erosion control measures (contour plowing), possibly due to labor 

constraints (70% female-led households reported time shortages). Younger farmers (age 

<40, n = 20) adopted sowing adjustments at 80% (n = 16) vs. 65% (n = 13) for those >40 

(n = 20), reflecting tech familiarity. Education level impacted digital engagement, with 

25% (n = 10) of secondary-educated farmers accessing heatmaps vs. 5% (n = 2) of primary-

educated (n = 26), reinforcing literacy barriers (Section 5.5). These trends suggest targeted 

training needs, as 85% (n = 34) rated Ivhumunhu useful regardless of demographics. 

4. Sustainability Metrics Reflect Environmental Gains:  

Quantitative environmental metrics highlighted sustainability, with a 17% increase in 

organic carbon (1.5%, SD = 0.3%, from 1.3%) across 83% (n = 33) of farms using organic 

amendments. Soil erosion reduced by 3.8 t/ha (SD = 1.2 t/ha) in 48% (n = 19) of farms 

adopting contour plowing, preserving nutrients (nitrogen retention rose 28% to 26 mg/kg). 

Fertilizer use dropped 18% (45 kg/ha, SD = 5 kg/ha), correlating with a 20% reduction in 

runoff risk (measured via Sentinel-2 imagery). These trends, consistent with SDG 2, 

indicate Ivhumunhu’s role in long-term soil health, though benefits were less pronounced 

in sandy loams (30%, n = 12) due to lower retention. 

These quantitative trends demonstrate Ivhumunhu’s efficacy in driving productivity, 

profitability, and sustainability, with variations by resource access and demographics 

highlighting areas for refinement to ensure equitable impact. The qualitative themes of 

empowerment, adoption barriers, sustainability, and community collaboration, coupled with 

quantitative trends showing strong adoption-yield correlations (r = 0.81), economic gains (22% 

income rise), demographic variations, and environmental benefits (17% organic carbon 

increase), underscore Ivhumunhu’s transformative impact in Makonde. While empowerment 

and sustainability align with global AI trends (Kamau et al., 2021), connectivity and literacy 

barriers reflect Zimbabwe’s unique challenges, necessitating offline and voice-based 

enhancements. These findings, building on Sections 5.1–5.6, inform Chapter 6’s 

recommendations for scaling Ivhumunhu to enhance food security, resilience, and sustainable 

agriculture across Zimbabwe. 
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5.9 Integration with Theory 

This section integrates the findings from the field trials of Ivhumunhu, the AI-DSS 

implemented with 40 smallholder farmers in the Makonde District of Zimbabwe during the 

2024–2025 growing season, with two key theoretical frameworks: Innovation Diffusion 

Theory (IDT) (Rogers, 2003) and Decision Tree Theory (DTT) (Quinlan, 1986). These 

frameworks, introduced in Chapter 2, provide a lens to evaluate how Ivhumunhu’s adoption, 

performance, and challenges align with or challenge theoretical expectations in the context of 

agricultural technology deployment.  Synthesizing quantitative outcomes ( 19% maize yield 

increase, 93% soil diagnostic accuracy) and qualitative insights (90% farmer approval, 25% 

connectivity barriers), this section explores how Ivhumunhu’s design and impact reflect IDT’s 

principles of innovation adoption and DTT’s approach to decision-making under uncertainty. 

The discussion highlights the system’s relative advantages, compatibility, and predictive 

successes, while addressing limitations posed by climate variability and digital literacy, 

offering insights into refining theoretical applications for Zimbabwe’s smallholder agriculture. 

5.10 Chapter Summary 

Evaluating the implementation of Ivhumunhu, an AI-DSS, among 40 smallholder farmers in 

the Makonde District of Zimbabwe during the 2024–2025 growing season, Chapter 5 addressed 

three research questions, focusing on the primary factors affecting soil health, the efficacy of 

AI technologies in providing tailored recommendations, and their impact on crop productivity 

and farm profitability. A mixed-methods approach combined quantitative data, including yield 

gains, soil metrics, and adoption rates, with qualitative insights from farmer interviews, focus 

groups, and extension officer feedback to demonstrate Ivhumunhu’s transformative potential 

in tackling soil health challenges, delivering actionable recommendations, and enhancing 

agricultural outcomes. The study identified nutrient depletion, with 80% of farms (32) showing 

nitrogen levels below 20 mg/kg, soil erosion impacting 48% of farms (19) with losses of 5–10 

t/ha/year, and moisture variability ranging from 8–38% volumetric water content as primary 

degraders, stemming from continuous maize mono-cropping by 65% of farmers (26), poor land 

management with 70% (28) lacking contour plowing, erratic rainfall of 650–750 mm with 3–4 

dry spells, limited input access for 85% (34), and knowledge gaps among 75% (30) unaware 

of erosion controls, consistent with Sub-Saharan trends cited by Montanarella et al. (2020). 

Ivhumunhu, integrating Random Forests with 93% accuracy, LSTM networks with 88% 

accuracy, and CNNs with 91% precision, delivered tailored guidance, resulting in 83% of 
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farmers (33) adopting soil reconditioning measures like applying 50 kg/ha urea, which 

increased nitrogen by 28% to 26 mg/kg, 73% (29) adjusting sowing, and 60% (24) following 

irrigation advice, leading to a 27% wheat yield increase to 1.42 t/ha and 50% soil loss reduction 

to 4 t/ha via contour plowing, outperforming APSIM’s 10% gains noted by Keating et al. 

(2020). The system boosted maize yields by 19% to 0.95 t/ha (p<0.01) and wheat by 18% to 

1.42 t/ha (p<0.05), with fertilizer costs dropping 15% to US$43/ha, water usage by 12% to 220 

mm/ha, and net income rising 22% to US$124/ha (r = 0.76, p<0.01), while farmers reinvested 

35% (14) into seeds and tools, and 85% (34) reported improved drought resilience, with a 17% 

organic carbon increase and 3.8 t/ha erosion reduction. Technical performance exceeded 

targets, achieving 93% soil accuracy, 88% yield forecasts, 91% erosion precision, 99.9% 

uptime, and 6.2 TB data scalability, with SMS latency averaging 4.8 seconds for 82% of 

messages within the 10-second goal, though 15% forecast errors due to climate variability and 

interpretability gaps for 15% of users were noted, supported by Decision Tree Theory from 

Quinlan (1986). User acceptance was high, with 90% of farmers (36) rating Ivhumunhu very 

useful, 88% valuing clear SMS, and extension officers noting a 35% workload reduction, while 

all policymakers (3) supported scaling, though 23% (9) faced network delays, 25% (10) lacked 

internet, and 50% of officers (3) requested offline functionality, with qualitative themes of 

empowerment (80%, 16), adoption barriers (25% due to connectivity/literacy), and 

collaboration (75%, 18) aligning with Innovation Diffusion Theory by Rogers (2003). 

Globally, Ivhumunhu outperformed DSSAT and APSIM in affordability (US$200 vs. 

US$5,000), accessibility (90% SMS reach vs. 60%), and yield impact (19% vs. 10–15%), with 

lessons from India and Australia suggesting subsidies, voice alerts, and engagement to scale to 

2,000 farmers, addressing 25% connectivity gaps. Overall, Ivhumunhu effectively addressed 

soil health with a 28% nitrogen increase, delivered recommendations with 83% adoption, and 

improved productivity with 19–18% yield gains and profitability with a 22% income rise, its 

90% approval and theoretical alignment positioning it as a scalable model, though connectivity 

(23%) and literacy (10%) barriers, alongside 15% forecast deviations, require targeted 

solutions. Chapter 6 will offer recommendations for scaling and sustainability, building on 

these insights to enhance accessibility and infrastructure support, contributing to sustainable 

agriculture and food security across Zimbabwe, aligning with national goals and SDG 2. 
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CHAPTER 6 

SUMMARY, CONCLUSIONS AND RECOMMENDATIONS 

6.1 Introduction 

This chapter consolidates the research conducted in the Makonde District of Zimbabwe during 

the 2024–2025 growing season, synthesizing key findings from Chapter 5, drawing definitive 

conclusions, and presenting actionable recommendations for the implementation and scaling 

of Ivhumunhu, an AI-DSS. The study aimed to examine soil health challenges, develop an AI-

DSS to deliver tailored recommendations, and evaluate its impact on crop productivity and 

farm profitability among 40 smallholder farmers. Through a mixed-methods approach, the 

research assessed nutrient depletion, soil erosion, and moisture variability as primary soil 

health issues, evaluated Ivhumunhu’s AI technologies (Random Forests, LSTM networks, 

CNNs), and measured outcomes like yield gains, cost reductions, and income increases. The 

chapter reflects on how these findings address the study’s objectives, demonstrating 

Ivhumunhu’s transformative potential in bridging the gap between traditional farming and data-

driven agriculture. It also explores broader implications for sustainable agriculture in 

Zimbabwe, aligning with national goals like the National Agriculture Policy Framework 

(2018–2030) and global frameworks such as SDG 2 (Zero Hunger) and SDG 13 (Climate 

Action). Through addressing infrastructural, educational, and policy barriers, this chapter 

provides a roadmap for scaling Ivhumunhu to enhance food security, resilience, and economic 

growth for Zimbabwe’s smallholder farmers, offering a replicable model for other developing 

nations facing similar agricultural challenges. 

6.2 Summary of Findings 

The research achieved its first objective of identifying and addressing critical soil health 

challenges in the Makonde District, driven by unsustainable practices and environmental 

factors, through Ivhumunhu’s AI-driven interventions. Nutrient depletion affected 80% of 

farms (32), with nitrogen levels below 20 mg/kg, soil erosion impacted 48% of farms (19) with 

losses of 5–10 t/ha/year, and moisture variability ranged from 8–38% volumetric water content, 

supported by data showing continuous maize mono-cropping practiced by 65% of farmers (26), 

poor land management with 70% (28) lacking contour ploughing, and erratic rainfall of 650–

750 mm with 3–4 dry spells of 10–15 days each. These issues were compounded by limited 

input access for 85% of farmers (34), knowledge gaps among 75% (30) unaware of erosion 
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control methods, and climate variability, aligning with Sub-Saharan trends documented by 

Montanarella et al. (2020). The second objective, assessing the efficacy of AI technologies in 

providing tailored recommendations, was achieved using Random Forests with 93% accuracy, 

LSTM networks with 88% accuracy, and CNNs with 91% precision, engaging 40 farmers over 

one season, with expert validation from extension officers confirming system reliability. This 

resulted in 83% of farmers (33) adopting soil reconditioning measures like 50 kg/ha urea, 

increasing nitrogen by 28% to 26 mg/kg, while 73% (29) adjusted sowing dates and 60% (24) 

followed irrigation advice, leading to a 19% maize yield increase to 0.95 t/ha (p<0.01) and an 

18% wheat yield increase to 1.42 t/ha (p<0.05), with contour ploughing reducing soil loss by 

50% to 4 t/ha, surpassing APSIM’s 15% yield gain reported by Keating et al. (2020). The third 

objective, evaluating impacts on crop productivity and farm profitability, was supported by a 

15% reduction in input costs to US$43/ha, a 12% decrease in water usage to 220 mm/ha with 

targeted irrigation, and a 22% net income rise to US$124/ha (r = 0.76, p<0.01), engaging 40 

users with 35% (14) reinvesting in seeds and tools, and 85% (34) reporting enhanced drought 

resilience, reducing fertilizer waste by 18% through machine learning efficiencies. System 

performance achieved 4.8-second SMS latency for 82% of messages within the 10-second 

target, 6.2 TB data scalability with 99.9% uptime, and 90% of farmers (36) rating it very useful, 

validated by 100% policymaker support (3) and a 35% workload reduction for officers, though 

23% (9) faced network delays and 25% (10) lacked internet, prompting offline functionality 

requests from 50% of officers (3). Ivhumunhu outperformed global systems in affordability at 

US$200 versus APSIM’s US$5,000, accessibility with 90% SMS reach versus DSSAT’s 60%, 

and yield impact at 19% compared to 10–15%. Qualitative themes included empowerment with 

80% of farmers (16) feeling in control, adoption barriers affecting 25% due to connectivity and 

literacy, sustainability with a 15% fertilizer reduction aligning with SDG 2, and collaboration 

with 75% (18) sharing advice, supported by a strong adoption-yield correlation (r = 0.81, 

p<0.01), 78% female versus 86% male adoption, and environmental gains like a 17% organic 

carbon increase to 1.5% and 3.8 t/ha erosion reduction. Findings aligned with Innovation 

Diffusion Theory (Rogers, 2003), driven by relative advantage, compatibility, and 

observability, though 10% illiteracy and 23% network issues posed challenges, while Decision 

Tree Theory (Quinlan, 1986) supported Random Forests’ accuracy, with 15% forecast errors 

due to climate variability suggesting adaptive algorithms. 
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6.3 Chapter Summary 

The study draws three definitive conclusions based on the findings, underscoring Ivhumunhu’s 

impact and potential in Zimbabwe’s smallholder agriculture: 

1. Soil Health Challenges Are Severe but Manageable: Unsustainable practices like mono-

cropping by 65% of farmers (26) and poor land management with 70% (28) lacking erosion 

controls, combined with climate variability (650–750 mm rainfall, 3–4 dry spells), severely 

degrade soil health, reducing yields below the regional potential of 1.2 t/ha for maize, as 

reported by FAO (2022). Ivhumunhu mitigates these challenges through precise 

interventions, achieving a 28% nitrogen increase to 26 mg/kg, a 50% reduction in soil loss 

to 4 t/ha, and a 17% rise in organic carbon to 1.5%, demonstrating that AI-driven tools can 

effectively reverse soil degradation in resource-constrained settings. 

2. AI Technologies Bridge Traditional and Data-Driven Farming: The integration of 

machine learning Random Forests (93% accuracy), LSTM networks (88% accuracy), and 

CNNs (91% precision) with IoT sensors and satellite imagery enables tailored, actionable 

recommendations, bridging the gap between traditional farming and data-driven 

agriculture, as noted by Mafirakurewa et al., (2023). With 90% SMS reach to farmers, 83% 

adoption of soil recommendations, and 73% adherence to sowing adjustments, Ivhumunhu 

empowers farmers with real-time insights, achieving 19% maize and 18% wheat yield 

gains, surpassing global benchmarks like APSIM’s 10% in Kenya, confirming AI’s 

transformative potential in low-resource contexts. 

3. Enhanced Productivity, Profitability, and Resilience Offer a Scalable Model: 

Ivhumunhu enhances productivity with 19–18% yield increases, profitability with a 22% 

income rise to US$124/ha, and resilience, as 85% of farmers (34) reported better drought 

preparedness, providing a replicable model for resource-constrained settings. Its 

affordability at US$200, accessibility with 90% farmer approval, and performance with 

99.9% uptime position it for scaling, though success hinges on addressing infrastructure 

gaps affecting 23% (9) with network delays and literacy barriers impacting 10% (4), 

requiring targeted solutions to ensure equitable impact across Zimbabwe. 

These conclusions affirm Ivhumunhu’s efficacy in addressing soil health, delivering 

recommendations, and improving agricultural outcomes, while highlighting the need for 

infrastructural and educational support to maximize its potential. 
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6.4 Recommendations 

Based on the findings and conclusions, the following recommendations are proposed to 

implement, scale, and enhance Ivhumunhu, ensuring its impact on sustainable agriculture in 

Zimbabwe: 

1. Implementation: 

 Infrastructure Support: Partner with mobile providers like Econet and NetOne to expand 

3G/4G coverage in rural Makonde, ensuring SMS alerts reach 100% of users within 5 

seconds, addressing the 23% of farmers (9) currently facing delays. This could involve 

installing 10 additional cell towers by 2027, targeting remote wards like Matoranhembe. 

 Training Programs: Launch workshops led by extension officers to train 80% of farmers 

(32) in digital literacy by 2026, focusing on interpreting Ivhumunhu outputs like erosion 

heat-maps, which 15% (6) found challenging. Allocate US$5,000 for 10 workshops, 

prioritizing the 10% (4) with no formal education. 

 Offline Mode: Develop an offline app version of Ivhumunhu by mid-2026, storing 

recommendations locally on feature phones used by 50% of farmers (20) and syncing when 

connectivity is available, addressing the 25% (10) lacking consistent internet, as requested 

by 50% of officers (3). 

2. Scaling: 

 National Rollout: Expand Ivhumunhu to Midlands and Masvingo provinces by 2030, 

targeting 500,000 smallholders, with government funding of US$2 million through the 

Ministry of Agriculture. Pilot in 5 districts by 2027, leveraging the 99.9% uptime and 6.2 

TB scalability demonstrated in Makonde. 

 Crop Diversification: Incorporate sorghum and soybeans into Ivhumunhu’s algorithms by 

2028, adapting Random Forests and LSTM models to Zimbabwe’s diverse agro-ecological 

zones (Zones II–V), supporting the 30% of farmers (12) interested in diversification to 

mitigate mono-cropping risks. 

 Public-Private Partnerships: Collaborate with SeedCo to supply seeds for new crops and 

with tech firms like Econet to provide 1,000 sensors at US$150 each by 2029, reducing 
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costs by 25%. Partner with AWS to enhance AI models, aiming for 95% accuracy across 

all crops. 

3. Policy: 

 Subsidies: Advocate for a 50% subsidy on soil sensors and fertilizers under the Pfumvudza 

program by 2027, incentivizing Ivhumunhu adoption for 70% of smallholders (350,000), 

reducing financial barriers for the 85% (34) with limited credit access in Makonde. 

 Data Integration: Link Ivhumunhu with ZimStat and AGRITEX databases by 2028 for 

real-time monitoring of soil health and yields across 8 provinces, enabling policymakers to 

allocate resources efficiently, as endorsed by all policymakers (3) in the study. 

 Sustainability Goals: Promote Ivhumunhu as a climate-smart agriculture tool in 

Zimbabwe’s NDCs by 2026, aligning with SDG 2 (Zero Hunger) and SDG 13 (Climate 

Action), leveraging its 15% fertilizer reduction and 12% water savings to attract 

international funding from the Green Climate Fund. 

4. Future Research: 

 Long-Term Impact: Conduct three-season trials from 2026–2029 with 200 farmers across 

3 districts to assess sustained yield gains (targeting 20% maize increase) and soil health 

improvements (30% nitrogen rise), addressing policymakers’ request for long-term data. 

 Adaptive Algorithms: Enhance LSTM models by 2027 to improve forecast accuracy to 

92% despite erratic weather, integrating real-time satellite data (Copernicus) to reduce the 

15% error rate observed in Makonde, ensuring reliable sowing advice. 

 Cost-Benefit Analysis: Quantify Ivhumunhu’s economic benefits over 5 years by 2028, 

projecting a 25% income rise (US$150/ha) for 500,000 farmers, supporting funding 

decisions, as 67% of policymakers (2) emphasized the need for such data. 

These recommendations provide a strategic framework to maximize Ivhumunhu’s impact, 

ensuring accessibility, scalability, and alignment with Zimbabwe’s agricultural and 

sustainability goals. 
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