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Abstract

Bananas are crucial for the agricultural economy of the African Great Lakes region, including

countries like Kenya, Uganda, Tanzania, Burundi, Rwanda, and parts of the Democratic Re-

public of the Congo, with an annual production exceeding 22 million tonnes. However, banana

productivity faces significant threats from pests and diseases such as the Banana Xanthomonas

Wilt (BXW), caused by the bacterium Xanthomonas campestris pv. Musacearum. In this study,

machine learning techniques were employed to develop an early warning system for BXW.

Various classification models, including Support Vector Machine (SVM), K-Nearest Neigh-

bors (KNN), Random Forest (RF), and Gradient Boosting Machine (GBM), were trained and

evaluated for predicting BXW occurrence. RF outperformed the other models with an accuracy

of 94%, followed by GBM (89%), KNN (87%), and SVM (83%). In terms of the area under

the curve (AUC), RF outperformed the other models with a score of 96%, followed by GBM

(95%), KNN (94%), and SVM (90%). This highlights RF’s effectiveness in creating habitat

suitability maps and establishing an early warning system for BXW. The RF model was used to

develop a BXW habitat suitability map for Rwanda, aiding agricultural stakeholders in identify-

ing high-risk areas. Furthermore, a Short Message Service (SMS)-based early warning system

was implemented to provide timely alerts to farmers, thereby, enhancing BXW mitigation ef-

forts. Additionally, a web portal for real-time BXW risk prediction and analysis was developed,

providing accessible information to stakeholders for proactive management strategies.

Keywords: BXW, Early Warning System, Rwanda, Remote Sensing, Machine Learning.
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Chapter 1: Introduction

1.1 Background

In line with the 2022 Sustainable Development Goals (SDG) report, over 30% of the global

population lacked consistent access to an adequate food supply in 2020. During this period,

between 720 million and 811 million individuals worldwide experienced hunger, marking an

increase of approximately 161 million people compared to the previous year (UN, 2022). With

the global population on the rise, there is a corresponding increase in the demand for food

(Kilwenge et al., 2023).

Small-scale farmers constitute a dominant force, comprising 84% of the global farming com-

munity and contributing 32% to the world’s food supply, thus playing a crucial role in ensuring

food security for human populations (Ritchie, 2021). Despite utilizing only about 24% of the

world’s agricultural land, these smaller farms, known for their efficiency in achieving higher

yields, manage to produce a slightly larger quantity of crops compared to the land they occupy

(Ricciardi et al., 2021). Hence, there is an urgent need to enhance the agricultural productivity

of small-scale farmers to meet growing global food demands (Kilwenge et al., 2023).

The ongoing threats posed by pests and diseases persistently hinder agricultural productivity,

with infectious crop diseases capable of causing substantial declines in yields, thereby nega-

tively affecting the socioeconomic status of developing nations (Vurro et al., 2010). In certain

instances, pests and diseases can result in total yield losses of up to 100%. Thus, it is essen-

tial to maintain vigilant monitoring of pests and diseases. Additionally, the implementation of

effective control measures becomes imperative to curb their spread and mitigate their adverse

impacts (Vurro et al., 2010).

Bananas play a vital role, serving as both a primary source of income and sustenance for many

farmers in the African Great Lakes Region, while also holding significant cultural importance

within the local population (Damme et al., 2014). Rwanda distinguishes itself as a prominent

banana producer in the Eastern and Central African region, with smallholder farmers contribut-

ing a significant 90% to its total output. Notably, it holds the distinction of being the world’s

second-largest consumer of bananas, with individuals consuming an average of approximately

144kg annually. A considerable percentage, roughly 32%, of Rwandan households heavily rely

on bananas as a staple crop, constituting nearly half of their dietary intake (Jackson et al., 2015).
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Beyond their nutritional significance, bananas hold profound cultural importance in Rwandan

society. They are exchanged as gifts, enjoyed in the form of banana wine during cultural cele-

brations, used for ornamental purposes at weddings and public events, and serve as a source of

financial stability during community crises (Rietveld et al., 2020).

A significant contributor to the decline in banana productivity is Banana Xanthomonas Wilt

(BXW), a bacterial disease caused by the bacterium Xanthomonas campestris pv. Musacearum

(Jackson et al., 2015). The emergence of BXW was initially reported in 1968 in Ethiopia and

subsequently spread to other countries within the African Great Lakes Region (McCampbell

et al., 2018b). This disease inflicts significant damage on banana-centric farming systems due

to its rapid and easily transmissible nature within plants, the absence of cultivars resistant to the

disease, and ultimately, the death of affected plants (Ainembabazi et al., 2015).

Despite coordinated endeavors to address it, BXWhas remained an ongoing challenge in Rwanda

since its initial identification in 2002. The Rwanda Ministry of Agriculture is particularly inter-

ested in pioneering approaches that can provide a enduring resolution to BXW (McCampbell

et al., 2018a). Information gleaned from (McCampbell et al., 2018a) reveals that 67% of farm-

ers have faced BXW on their farms, with 59% of these instances occurring within the past year

(McCampbell et al., 2018a).

Several technologies have been introduced in the African Great Lakes Region to mitigate the

spread of BXW. These strategies include either the complete removal of infected plants or

a more moderate approach involving the removal of only the affected stems (Blomme et al.,

2017). While these technologies have made significant contributions to reducing the impact

of BXW, there remains a need for further innovation in preventive measures (Rietveld et al.,

2020).

1.2 Problem Statement

Promptly identifying and responding to outbreaks of BXW in Rwanda is a challenge, especially

for smallholder banana farmers. This calls for a need to develop an early warning system to

predict the risk of occurrence of BXW for purposes of preparedness, control, and mitigating

outbreaks. Such measures can reduce crop loss and improve food security.
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1.3 Research Aim

The primary focus of this study was to synthesize existing knowledge on Machine Learning

(ML)-based applications for BXW risk surveillance and control, with a particular emphasis on

its relevance to smallholder farmers in Rwanda.

1.4 Research Objectives

This research aimed to address the following objectives:

(a) To conduct a review of literature to identify existing ML-based approaches for BXW risk

surveillance and control, highlighting any gaps in current research.

(b) To develop and test the effectiveness of ML-based models tailored for early warning on

the risk of BXW among smallholder farmers in Rwanda.

(c) To evaluate the performance and reliability of the developed ML models.

(d) To deploy the models and visualize BXW risk maps on a web browser.

1.5 Research Questions

The research questions addressed in this study were as follows:

(a) What are the existing ML-based approaches for BXW risk surveillance and control, as

reported in literature, and what gaps are there in current research?

(b) How can ML-based models be effectively developed and tested to provide early warning

on the risk of BXW among smallholder farmers in Rwanda?

(c) What methods are employed to test and evaluate the performance and reliability of de-

veloped ML models for BXW risk surveillance and control under real-world conditions?

(d) How can the deployment of ML models and visualization of BXW risk maps on a web

browser contribute to enhanced BXW surveillance and control efforts?

1.6 Scope and Limitations of the Study

1.6.1 Scope

The study included the following key components:
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(a) Identification and selection of remote sensing data: An evaluation of spatial and tempo-

ral data was conducted to select the most suitable remote sensing information for early

detection of BXW.

(b) Construction of a probability of occurrence map: Species Distribution Models (SDM)

alongside ML models were employed to construct a map indicating the likelihood of

BXW occurrence based on prevailing environmental conditions.

(c) Model assessment: The developed models were applied to a validation dataset, and ac-

curacy metrics were extracted to assess their performance.

1.6.2 Limitations

Here are some of the limitations of this research work:

(a) Operationalizing research findings: Incorporating the findings of the study into BXW

management in Rwanda posed a challenge, as it required engagement with the Rwanda

Ministry of Agriculture and other stakeholders. This limited the effective translation of

research findings into practical applications for managing BXW.

(b) Reliance on self-reported data: Another limitation of the study stemmed from its reliance

on self-reported data collected through the ICT4BXW app, as detailed in Chapter 3, Sec-

tion 3.2.1. This dependence introduced the possibility of response bias, which could have

compromised the accuracy of the study’s findings.

1.7 Research Justification

This research was crucial for agricultural stakeholders, including smallholder farmers, poli-

cymakers, and agricultural extension services, as it addressed a pressing issue impacting ba-

nana production and food security in Rwanda. By developing an effective Early Warning Sys-

tem (EWS) for BXW, this work provided practical solutions to mitigate the economic and social

consequences of the disease, thereby enhancing the resilience of agricultural systems and liveli-

hoods in the region.
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Chapter 2: Literature Review

The literature review was structured around four main themes: the impact of BXW in East

and Central Africa, environmental factors influencing plant diseases and pests, applications of

remote sensing and ML in banana cropland mapping, and applications of remote sensing and

ML in plant diseases and pests. These themes provided a comprehensive overview of past

research efforts in understanding and addressing agricultural challenges, particularly focusing

on disease management and technological innovations in crop monitoring and surveillance.

Understanding these themes was essential for developing an effective ML-driven early warning

system, as it required insights into disease dynamics, environmental influences, and advanced

technologies for accurate prediction and timely intervention in agricultural settings.

2.1 Effects of BXW in Eastern and Central Africa

Findings from a household survey carried out in the Kagera region of Tanzania, coupled with

investigations across 16 provinces of Burundi and 12 districts in Rwanda from 2009 to 2011,

highlight a considerable decrease in banana yields attributed to the prevalence of BXW (Jackson

et al., 2015). This decline resulted in a notable 35% reduction in banana production following

the emergence of BXW. As a result, the affected countries encountered a significant economic

setback, with losses amounting to $14.05 million in 2012 (Jackson et al., 2015).

The potential of BXW to result in complete yield losses, reaching up to 100%, further under-

scores its substantial threat to both food security and the livelihoods of smallholder farmers

(Blomme et al., 2017). From Bloomme’s work, the presence of BXW emerged as a significant

challenge to Rwanda’s food security, particularly impacting households where 32% relied on

bananas for more than half of their daily dietary needs. The adverse effects of the disease were

evident, with 38% of survey participants reporting disruptions in their household diets due to

BXW (Jackson et al., 2015).

BXW has effects that transcend banana production alone; it also significantly impacts the entire

banana value chain. An example of this is evident in a case study conducted in Central Uganda,

which examined how BXW influences the banana-beer value chain. The study revealed that a

substantial number of individuals derive their livelihoods not only from cultivating bananas but

also from processing and selling banana-beer products (Rietveld et al., 2020).
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2.2 Environmental Factors Influencing Plant Diseases and Pests

Research has indicated that the inclusion of diverse environmental variables, sourced from var-

ious outlets, enhances the performance of SDM (Araújo et al., 2019). Combining both climate-

related factors and non-climate variables such as land cover and topography has been demon-

strated to improve the accuracy and effectiveness of SDM. By integrating multiple types of

variables, SDM can capture a broader range of ecological influences, leading to more robust

predictions of species distributions (Burns et al., 2020).

Various methods have been utilized for selecting relevant environmental variables to use in

SDM (Lin and Chiu, 2020). Minimizing collinearity between variables is essential in this pro-

cess. Taking into account the correlation between variables helps ensure the robustness and

accuracy of SDM (Pradervand et al., 2014).

In the realm of predictive modeling, understanding the influential variables is paramount for

accurate forecasts. (Domingues et al., 2022) investigated the weather variables that impact

the forecast performance, shedding light on their significance. Conversely (Lasso et al., 2020)

identified the optimal time period window for each weather variable and crop-related feature

crucial for predicting the occurrence of coffee leaf rust disease in coffee crops.

(Small et al., 2015) developed a web-based tool using weather data, crop resistance information

from literature and field trials, and management tactics to predict disease outbreaks, particularly

late blight in tomato and potato crops.

Deutsch et al. (2018) underscores temperature as a key driver of insect development, signifi-

cantly impacting both their metabolic rate and population growth. Through their findings, it

becomes evident that temperature variations play a pivotal role in shaping insect biology and

population dynamics. Understanding this relationship is essential for comprehending insect

ecology and devising effective pest management strategies (Deutsch et al., 2018).

The interplay of elements such as soil composition, humidity levels, rainfall patterns, and mois-

ture content has been identified as significant factors influencing crop diseases and yields. These

environmental factors play crucial roles in shaping the overall health and productivity of crops,

affecting various stages of growth and development (Patil et al., 2019).

Several studies employing regression models and weather data have elucidated the significant

impact of humidity on disease and pest development. Through comprehensive analyses, these
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studies have revealed the intricate relationship between humidity levels and the proliferation of

diseases and pests in agricultural ecosystems (Xiao et al., 2019).

Below is a summary table outlining the main environmental factors identified to contribute to

SDM in the research reviewed:

Table 1: Main environmental factors contributing to SDM

Environmental Factor Description

Temperature Influences physiological processes and species distributions

Precipitation Affects water availability and plant growth

Soil Type Determines nutrient availability and root growth

Land Cover Influences habitat suitability and species interactions

Topography Influences microclimate and habitat structure

2.3 Applications of Remote Sensing and ML in Banana Cropland Mapping

A study by (Selvaraj et al., 2020) conducted in the Democratic Republic of the Congo (DRC)

and the Republic of Benin showcased the effectiveness of integrating high-resolution satellite

imagery (including Sentinel 2, PlanetScope, and WorldView-2) with Unmanned Aerial Ve-

hicles (UAV) equipped with Sense RedEdge sensors and ML-based mobile applications for

detecting and establishing a surveillance system for mapping banana plants and associated

diseases. The study highlighted the superiority of employing a Random Forest (RF) model

for pixel-based banana classification, especially when incorporating vegetation indicators and

Principal Component Analysis (PCA). This approach yielded improved outcomes in mapping

bananas across diverse African environments. Furthermore, the study emphasized the superior

performance of high-resolution sensors compared to medium-resolution satellites, particularly

in scenarios involving mixed cultivation (Selvaraj et al., 2020).

In a study conducted in Uganda’s East African highlands, the goal was to map the distribution

of banana crops and assess changes in production zones spanning the period from 1958 to 2016.

To collect data on the geographical locations of banana plantations, an online survey based on

high-resolution satellite imagery was utilized. These satellite images were combined with in-

dependent covariates and subsequently input into ensemble ML models, which were employed

to predict the current distribution of banana crops. The ensemble model was constructed us-

ing training results from RF, Gradient Boosting Machine (GBM), and Neural Network (NN).

The study revealed that the number of covariates incorporated into the ensemble model had
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a discernible impact on its performance. The ensemble models consistently outperformed the

individual methods when trained with both 12 and 17 variables, achieving higher Area Under

Curve (AUC) values (AUC = 0.895 and 0.907, respectively), in contrast to RF (AUC = 0.883

and 0.901), GBM, and NN (AUC = 0.870 and 0.890) (Ochola et al., 2022).

In a study conducted by (Alabi et al., 2022) in Ogun State, Nigeria, the application of remote

sensing and ML models for identifying banana farms and conducting targeted surveillance of

Banana Bunchy Top Virus (BBTV) occurrence was investigated. The study established a com-

prehensive framework for detecting bananas in smallholder agricultural systems, utilizingUAV,

Sentinel 2A optical, and Synthetic Aperture Radar (SAR) data. UAV images were used to cre-

ate spectral ortho mosaics and models for digital surface, digital terrain, and canopy height.

Vegetation indices were derived from the UAV’s spectral features, and RF and Support Vector

Machine (SVM) models were developed, both with and without canopy height information, to

differentiate bananas from other land cover types. The ML models achieved an average accu-

racy score of 93% when incorporating vegetation height features, while models without canopy

height attained a lower accuracy score of 78%. Consequently, the study concluded that struc-

tural height attributes are essential for crop delineation when utilizing UAV-based predictors

(Alabi et al., 2022).

Analysis through a logistic regression model revealed several significant factors influencing

banana distribution. Notably, yearly precipitation, bulk density, soil organic carbon, soil pH,

and slope gradient were positively correlated with banana distribution, while mean annual tem-

perature and precipitation seasonality exhibited a negative association (Ochola et al., 2022).

Furthermore, the most crucial variables connected with geographical variations were biophys-

ical attributes tied to soil water availability. This underscores the importance of irrigation and

soil water conservation as essential measures to alleviate the consequences of climate change-

induced temperature increases and dry spells (Ochola et al., 2022).

In a study focusing on Costa Rican banana crops, researchers employed a fixed-wing UAV

equipped with sensors to analyze photosynthetic activity patterns. These patterns, identified

through the Normalized Difference Vegetation Index (NDVI), were then compared with both

soil quality and banana fruit production patterns. The study unveiled notable positive corre-

lations between NDVI patterns and several fruit yield and quality parameters, such as bunch

weight, number of hands per bunch, length of the largest finger, and overall yield. Surprisingly,
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NDVI also demonstrated a significant negative correlation with the proportion of rejected ba-

nanas due to poor quality. However, no statistically significant relationship was detected be-

tween NDVI patterns and physical soil quality patterns. These findings underscore the poten-

tial of employing UAV systems within banana plantations to map fruit quality and yield trends,

providing valuable insights into the spatial dynamics of production factors and ultimately im-

proving agricultural efficiency (Machovina et al., 2016).

In summary, the literature predominantly featured the utilization of RF, SVM, GBM and Lo-

gistic Regression as the main ML models for predicting species distributions. The primary

evaluation metric across these studies was the AUC.

2.4 Application of Remote Sensing and ML for Plant Pests and Diseases Surveillance

Globally, agriculture and forestry are grappling with formidable challenges stemming from

plant diseases and pests. There is a pressing need for the widespread adoption of economical,

effective, and remote techniques to detect and monitor these issues over extensive geographical

regions. Such methods have the capacity to greatly enhance efforts in safeguarding plant health

and productivity (Zhang et al., 2019).

A study was conducted with the aim of improving the detection and monitoring of Banana

Fusarium Wilt (BFW). The research aimed to develop optimal classification models for dif-

ferent infection stages by analyzing the spectral characteristics of banana canopies affected by

BFW. Multispectral imagery was obtained from a banana plantation with BFW infections using

a RedEdge-MX camera mounted on an UAV. Three visible-band images, five multispectral-

band images, and various vegetation indices were utilized as distinct spectral features. To iden-

tify BFW-infected canopies, several supervised techniques, including SVM, RF, Back Prop-

agation Neural Networks (BPNN), and logistic regression, were employed, along with unsu-

pervised techniques such as hotspot analysis and the Iterative Self-Organizing Data Analysis

Technique Algorithm (ISODATA). Classification results demonstrated outstanding accuracy

for most techniques. The best-performing model among supervised techniques achieved an

overall accuracy of 97.28% within a shorter timeframe, using RF with five multispectral bands

of data. Hotspot analysis, utilizing specialized indices derived from the red and Near-Infrared

(NIR) bands, achieved excellently balanced accuracies exceeding 95% with unsupervised ap-

proaches. For slightly enhanced accuracy, the study recommended utilizing hotspot analysis
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for identifying BFW, particularly in late-stage infections, and RF for early-stage infections.

This research offers valuable methodologies for effective plant disease detection and carries

significant implications for banana plantation management (Zhang et al., 2022).

In a study conducted by (Ye et al., 2020), researchers utilized UAV to conduct surveillance

on banana crops for BFW. They employed multispectral imagery captured by UAVs to differ-

entiate between banana patches afflicted by the disease and those that remained disease-free.

The investigation highlighted the effectiveness of employing UAV-based remote sensing, par-

ticularly with a focus on the red-edge band, which significantly improved the identification of

Fusarium wilt. Additionally, the study delved into the impact of different spatial resolutions

by conducting simulations with satellite imagery. Various spatial resolutions from different

satellite systems were examined, including 0.5m for the WorldView series, 1m for GF-2, 5m

for RapidEye, and 10m for Sentinel-2. Notably, the study found that higher spatial resolutions,

specifically those of 2 meters and above, exhibited greater accuracy in disease recognition, ow-

ing to the spacing of the banana plants (Ye et al., 2020).

In their study, (Kilwenge et al., 2023) conducted an evaluation of BXW) risk in Rwanda under

both current and projected climatic conditions. The researchers utilized the Maximum En-

tropy (Maxent) model, analyzing 1,022 georeferenced sites and 20 environmental variables to

predict the occurrence of BXW. The study achieved a mean validation AUC ranging from 0.79

to 0.85 in predicting BXW occurrence. Notably, elevation, the average maximum monthly

temperature, and precipitation during the coldest quarter emerged as the most reliable predic-

tors. The research identified Rwanda’s western, northern, and southern regions, characterized

by elevations between 1350-2000 meters, annual precipitation of 900-1700 mm, and average

temperatures ranging from 14-20°C, as the most vulnerable areas to BXW risk (Kilwenge et al.,

2023).
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Below is a summary table showcasing the SDM andMLmodels utilized in the reviewed studies,

along with the corresponding evaluation metrics.

Table 2: Summary of ML models and evaluation metrics used in reviewed studies

Study ML Models Used Evaluation Metrics

Selvaraj et al. (2020) RF Accuracy

Alabi et al. (2022) RF and SVM Accuracy

Ochola et al. (2022) Ensemble, RF, GBM and NN AUC

Zhang et al. (2022) SVM, RF, BPNN and Logistic Regression Accuracy

Kilwenge et al. (2023) Maxent AUC

2.5 Summary

The literature discussed environmental factors that significantly influence the occurrence of

pests and diseases in agricultural ecosystems. Variables such as temperature, humidity, rainfall,

and soil moisture were identified as important indicators for modeling and predicting outbreaks.

Various ML models commonly employed for this purpose included SVM, RF, and Logistic

Regression, each offering unique advantages in terms of predictive accuracy, computational

efficiency, and interpretability.

While the literature provided valuable insights into the choice of ML models and environmen-

tal variables it was better to explore an array of ML algorithms due to the broader range of

techniques and approaches available within this realm. In this study, we leveraged the ML clas-

sification models identified in the literature, specifically RF, SVM, and GBM. Additionally,

the literature guided us in selecting relevant environmental variables, highlighted in Table 4, to

incorporate into our predictive models.

Through our research, we endeavored to address existing gaps in pest and disease prediction

methodologies, with a specific focus on improving the accuracy and applicability of predictive

models in agricultural settings. The aim was to develop a human-centered early warning system

driven by ML. By leveraging insights from previous studies and integrating novel approaches,

our research aimed to enhance our understanding of pest and disease dynamics, ultimately con-

tributing to more effective and sustainable agricultural practices.
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Chapter 3: Methodology

The study followed the Cross-Industry Standard Process for DataMining (CRISP-DM)method-

ology, a widely adopted framework for ML and data mining projects. CRISP-DM comprises

several essential phases organized in an iterative process.

1. Business Understanding: During this stage, objectives and business goals are defined

to ensure alignment with desired outcomes.

2. Data Understanding: This phase involved collecting and examining the data utilized in

the project, with the aim of obtaining a thorough understanding of the dataset.

3. Data Preparation: Activities like feature engineering and selection were undertaken to

prepare the data for modeling.

4. Modeling: Diverse models are employed on the prepared data to construct predictive or

descriptive models.

5. Evaluation: The fitted models undergo evaluation to gauge their accuracy and perfor-

mance in alignment with the project’s objectives.

6. Deployment: After obtaining a satisfactory model, it is deployed and integrated into the

appropriate business processes to extract practical insights and facilitate decision-making.

Figure 3.1: CRISP-DM framework (RuchaReads, 2021)
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3.1 Business Understanding

The business understanding stage of this dissertation centered on addressing the need for an

effective EWS to mitigate the impact of BXW in Rwanda’s agricultural sector. Various aspects

of the problem required understanding to achieve this goal. The key components of the business

understanding included:

1. Identifying Stakeholders: It was crucial to understand who stands to benefit from this

work. Reviewing the banana production ecosystem and understanding the players was

important for developing a human-centered tool. Stakeholders such as smallholder farm-

ers, agricultural extension officers, and the Rwanda Ministry of Agriculture tend to ben-

efit from the early warning system, as highlighted in the Unified Modeling Language

(UML) diagram represented in Figure 4.1.

2. DefiningObjectives: Clear research objectiveswere defined to guide the research. These

objectives have been outlined in Chapter 1, Section 1.3.

3. Determining Requirements: Informed by the research objectives, the specific require-

ments of the EWS were outlined. System designs and architecture were clearly estab-

lished to provide an overview of the system even before implementation. Low-fidelity

wireframes and an Entity Relationship Diagram (ERD) were developed to visualize the

web portal and the database. These visualizations can be found in Chapter 4, Section

4.2.2 and Figure 4.2 respectively.

Overall, the business understanding stage provided a comprehensive understanding of the prob-

lem domain, the needs of stakeholders, and the objectives and requirements for developing a

human-centered EWS for BXW in Rwanda.

3.2 Data Understanding

In the data understanding stage of this dissertation, we delved into the exploration and com-

prehension of two critical datasets: BXW occurrence data and environmental conditions. The

BXWoccurrence data provided insights into the historical occurrences of BXWwithin Rwanda,

offering essential information for understanding the spatial and temporal distribution of the dis-

ease. Similarly, the environmental conditions dataset encompassed various environmental fac-

tors such as climate and topographic data, which were known to influence the spread and sever-
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ity of BXW outbreaks, as highlighted in Chapter 2, Section 2.4. By exploring these datasets, we

aimed to gain valuable insights into the factors contributing to BXW occurrences and enhance

our ability to develop an effective EWS for BXW mitigation in Rwanda’s agricultural sector.

3.2.1 BXW Occurrence

The data used in this study was collected using the ICT4BXW android application. The app

was developed by the ICT4BXW [https://ict4bxw.com/] project, a collaborative effort

supported by German Corporation for International Cooperation GmbH (GIZ) funding, in-

volving partnerships between the Rwanda Agriculture and Animal Resources Board (RAB),

International Institute of Tropical Agriculture (IITA), and various organizations such as IAMO,

Viamo, ARIFU, and Linking PinAfrica. The project aimed to create and implement Information

and Communications Technology (ICT)-based tools to enhance sustainable banana cultivation

in Rwanda (Kilwenge et al., 2021).

A citizen science approach was used to collect the BXW occurrences. This approach involved

engaging local community members, including smallholder farmers and agricultural extension

officers, in the process of collecting data on BXW occurrences. Through training and equip-

ping community members with mobile applications and necessary tools, they were empowered

to identify and report instances of BXW-infected banana plants in their respective areas. By

leveraging the knowledge and observations of individuals directly involved in banana cultiva-

tion, this approach not only increased the quantity of available data but also promoted commu-

nity engagement and ownership of the research process.

The variables in the BXW occurrence data are highlighted in Table 3.

Table 3: BXW diagnosis data variables

Variable Data Type Description

Date of creation DateTime The date when the data entry was made

Gender String The farmer’s gender, categorized as either male or female

District String A geographical administrative division within Rwanda

Sector String A smaller administrative unit within a district

Village String A small settlement or community within a sector

Cell String A smaller administrative subdivision within a village

Latitude Float Latitude coordinates of the banana farm

Longitude Float Longitude coordinates of the banana farm

HAS.BXW Char BXW diagnosis reported as either YES or NO
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The data used in the study was collected between December 2019 and February 2024. The

data contained 14, 118 records of BXW diagnosis collected across different regions in Rwanda.

Exploratory Data Analysis (EDA) was performed to understand the spatial and temporal dis-

tribution patterns of the historical BXW records. The findings of this analysis are discussed in

detail in Chapter 6, Section 6.1.1.

3.2.2 Environmental Factors

The comprehensiveWorldClim dataset, comprising temperature and precipitation records across

diverse geographical scales and temporal resolutions, served as a valuable resource for this

study. Specifically tailored to Rwanda, this dataset was instrumental in generating bioclimatic

data crucial for ecological modeling (WorldClim, 2022). These bioclimatic variables, derived

frommonthly temperature and rainfall data, provided physiologically relevant parameters com-

monly employed as predictive factors in SDM (Gardner et al., 2019). In this research, a total

of 19 bioclimatic variables were utilized, accessed through the WorldClim’s Application Pro-

gramming Interface (API) on R. These raster files were acquired at a resolution of 30 seconds,

corresponding to approximately 1km. Rwanda’s climatic conditions are elaborated upon in

Chapter 6, Section 6.1.4

In addition to bioclimatic data, topographic data obtained through remote sensing technology

played a vital role in enhancing the accuracy of the SDM. Recent advancements in remote sens-

ing have facilitated the acquisition of high-resolution environmental data, enabling the depic-

tion of detailed species micro-habitats. By integrating topographic data with SDM, researchers

can achieve improved prediction accuracy, particularly for fine-scale biodiversity management

initiatives (Pradervand et al., 2014). Rwanda’s topography has been discussed in Chapter 6,

6.1.3

The topographic data employed in the study included key variables sourced from WorldClim.

Elevation, derived from Shuttle Radar Topography Mission (SRTM) elevation data, was ob-

tained and served as the foundation for computing other topographic parameters.

Slope, a measure of the steepness of the terrain, was derived from the elevation rasters using

Equation 1.
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where 𝜕𝑍
𝜕𝑥 and 𝜕𝑍

𝜕𝑦 are the partial derivatives of elevation with respect to the x and y coordinates,

respectively.

Aspect, indicating the direction in which the terrain faces, was calculated from the elevation

data using Equation 2
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Where, 𝜕𝑍
𝜕𝑥 and 𝜕𝑍

𝜕𝑦 are the partial derivatives of elevation with respect to the x and y coordinates.

Hillshade, representing the shading of the terrain, was generated using both slope and aspect

data according to the below equation:
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where, 𝑍𝑧𝑒𝑛𝑖𝑡ℎ denotes the zenith angle, which indicates the angle between the sun’s rays and

the vertical direction. An azimuth, representing the direction measured in degrees clockwise

from north on an azimuth circle, is denoted by 𝐴𝑧𝑖𝑚𝑢𝑡ℎ. Additionally, 𝑆𝑙𝑜𝑝𝑒 and 𝐴𝑠𝑝𝑒𝑐𝑡

represent the computed slope and aspect values, respectively.

These topographic variables, combined with the bioclimatic data, played a crucial role in en-

hancing the accuracy and precision of the SDM developed in the study.
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Table 4 provides a summary of the environmental data utilized in the research.

Table 4: Environmental predictors

Category Code Variable Unit

Climatic Bio1 Annual Mean Temperature ∘C

Bio2 Mean of monthly (max temp - min temp) ∘C

Bio3 Isothermality (BIO2/BIO7) (×100) ∘C

Bio4 Temperature Seasonality (standard deviation ×100) ∘C

Bio5 Max Temperature of Warmest Month ∘C

Bio6 Min Temperature of Coldest Month ∘C

Bio7 Temperature Annual Range (BIO5-BIO6) ∘C

Bio8 Mean Temperature of Wettest Quarter ∘C

Bio9 Mean Temperature of Driest Quarter ∘C

Bio10 Mean Temperature of Warmest Quarter ∘C

Bio11 Mean Temperature of Coldest Quarter ∘C

Bio12 Annual Precipitation mm

Bio13 Precipitation of Wettest Month mm

Bio14 Precipitation of Driest Month mm

Bio15 Precipitation Seasonality (Coefficient of Variation) mm

Bio16 Precipitation of Wettest Quarter mm

Bio17 Precipitation of Driest Quarter mm

Bio18 Precipitation of Warmest Quarter mm

Bio19 Precipitation of Coldest Quarter mm

Topographic Elev Elevation m

SLP Slope ∘

ASP Aspect ∘

HS Hillshade ∘

3.3 Data Preparation

Data preparation played a crucial role in this dissertation, as it directly influenced the perfor-

mance of the models by ensuring data quality and suitability. This phase encompassed various

tasks aimed at transforming raw data into a format suitable for training ML algorithms. For the

BXW occurrence data, tasks such as handling missing values, outliers, class imbalances, and

feature scaling were conducted to ensure data cleanliness and balance, as discussed in Section

3.3.1. Similarly, to prepare the environmental raster files for species distribution modeling us-

ing ML, cleaning procedures were implemented to ensure consistency in extent and resolution

across the raster files, as elaborated in Section 3.3.2.
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3.3.1 BXW Occurrence Data

(a) Feature Selection:

A subset of the data was extracted, focusing solely on the latitude, longitude, and BXW

diagnosis variables.

(b) Handling Missing Values:

Upon inspection, no missing values were detected in the dataset, ensuring data complete-

ness and reliability for subsequent analysis.

(c) Duplicate Values:

Records containing duplicate coordinates were identified and removed, while retaining

the first occurrence of the duplicate records to maintain data integrity and avoid redun-

dancy.

(d) Binary Encoding:

Binary encoding was applied to the response variable (BXW diagnosis), wherein in-

stances labeled as YES were encoded as 1, while those labeled as NO were encoded

as 0, facilitating computational analysis.

(e) Extent Adjustment:

The dataset was refined by cropping and masking the data points to the geographical ex-

tent of Rwanda, excluding any occurrences outside the country’s boundaries. Addition-

ally, to enhance precision, the data points were restricted to Rwanda’s cropland, ensuring

relevance to the study’s focus on agricultural contexts within the country.

(f) Class Imbalance:

The dataset underwent an examination to assess class imbalance, achieved through count

plot visualization of YES (1) and NO (0) diagnoses. These findings are detailed in Chap-

ter 6, Section 6.2.1. Subsequently, three techniques were explored to address this im-

balance: Euclidean distance spatial undersampling, stratified spatial undersampling, and

utilization of background points for the absence of data. The outcomes of each sampling

method are elaborated upon in Chapter 6, Section 6.2.1.

In the Euclidean distance spatial undersampling technique, negative instances (NOS)

were selected based on their distance from positive instances (YESES) using Euclidean

distance metrics. This approach aimed to ensure a spatially balanced distribution of NOS
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across the study area, thereby enhancing the representativeness of the dataset for train-

ing ML models. The results for the euclidean distance undersampling are discussed in

Chapter 6, Section 6.2.1, Section (a).

For the stratified spatial undersampling method, predefined strata were established based

on geographic units, particularly districts in the study area. Random NO points were

then sampled from each district to maintain the distribution of different groups within the

dataset and ensure its representativeness. The results for this approach are discussed in

Chapter 6, Section 6.2.1, Item (b)

Lastly, the background points technique entailed discarding all NO records from the

dataset and selecting random background points to represent the absence data. These

background points were chosen randomly from various locations across the study area,

ensuring a diverse representation of absence. This technique aimed to create a balanced

dataset by providing sufficient negative instances for model training while mitigating

class imbalance effects.

Given that the background absence technique yielded amore balanced andwell-represented

dataset as shown in Chapter 6, Section 6.2.1, Item (c), it was selected for implementation

in the model development phase.

3.3.2 Environmental Rasters

To prepare the environmental data for analysis and modeling, several steps were undertaken as

outlined below:

(a) Acquisition of Rwanda Shapefile and Cropland Raster

TheRwanda shapefile was obtained from theHumData portal [https://data.humdata.

org/dataset/cod-ab-rwa?] to facilitate the cropping of various raster datasets, ensur-

ing that the data aligns with the geographic extent of the study area.

Additionally, to confine the analysis and modeling to agricultural land, a cropland raster,

as depicted in Figure 6.13 and defined by National Aeronautics and Space Administration

(NASA) (Xiong et al., 2017), was employed to mask the occurrence predictions.

(b) Retrieval and Cropping of Climate Data

Climate data was retrieved directly fromWorldClim using anRAPI. Subsequently, it was
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cropped using the Rwanda cropland raster file to confine the data to the study area. The

resolution was adjusted to 0.0133 by 0.0133, and the Coordinate Reference System (CRS)

used was “ + 𝑝𝑟𝑜𝑗 = 𝑙𝑜𝑛𝑔𝑙𝑎𝑡 + 𝑑𝑎𝑡𝑢𝑚 = 𝑊𝐺𝑆84 + 𝑛𝑜_𝑑𝑒𝑓𝑠”. Individual bioclimatic

variables were then extracted from the raster stack and saved for modeling purposes as

shown in Figure 6.8.

(c) Preprocessing of Elevation Data

The elevation raster was sourced from the WorldClim website and imported into an R

script for preprocessing. It underwent cropping and masking to match the Rwanda shape-

file, and its resolution and CRS were updated to align with the climate rasters.

Bilinear resampling was applied to ensure consistency in extent between the climate and

elevation data.

(d) Extraction of Slope and Aspect Information

The R terrain function was employed to derive slope information from the elevation data,

utilizing 8 neighbors and degrees, as per the slope equation highlighted in Equation 1.

Moreover, the terrain function was utilized to extract aspect information of the study

region, employing Equation 2.

(e) Generation of Hillshade Data

Hillshade data was generated using the hillshade function, leveraging aspect and slope

data as described in Equation 3. Additionally, specific parameters such as a 40-degree

angle and 270 for direction were specified.

(f) Standardization of Environmental Data

Z scaling, also known as standardization, was employed to normalize the environmental

data in preparation for ML algorithms. This process involves transforming the data so

that it has a mean of 0 and a standard deviation of 1. The equation for Z scaling is given

by Equation 4.

𝑍 = 𝑥 − 𝜇
𝜎

(4)

where 𝑍 is the standardized value, 𝑥 is the original value, 𝜇 is the mean of the dataset and

𝜎 is the standard deviation of the dataset.
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(g) Extraction and Storage of Predictors

All generated rasters were exported as Tag Image File Format (TIFF) files and stored

locally for analysis and modeling purposes.

The environmental conditions for each diagnosis location were extracted from the pre-

viously obtained rasters, and the data was stored in a Comma Separated Values (CSV)

format for further analysis and modeling.

3.4 Machine Learning Modeling

Before fitting the ML models, the preprocessed data was divided into training and testing sets,

with 80% allocated for training and 20% for testing. The “diagnosis” column was transformed

into a factor and designated as the target variable, while the environmental conditions were used

as the predictors. A 10-fold cross-validation was applied across all models.

Four classificationMLmodels were employed for modeling. The selection of these models was

based on their significance in species distribution modeling, as discussed in Chapter 2, Section

2.4. The models included SVM, K-Nearest Neighbors (KNN), RF and GBM.

3.4.1 Support Vector Machine

SVM is a supervised learning algorithm used for classification and regression tasks. It works

by finding the hyperplane that best separates classes in feature space. SVM aims to maximize

the margin between the hyperplane and the nearest data points from each class. This is achieved

by solving a constrained optimization problem, where the margin is maximized subject to the

constraint that all data points are correctly classified (Tan, 2021).

The optimization problem for SVM can be formulated as shown in Equation 5.

minimize ∶ 𝑄(𝑤) = 1
2

||𝑤||2 (5)

subject to 𝑦𝑖(𝑤𝑥𝑖 − 𝑏)≥1, ∀(𝑥𝑖, 𝑦𝑖) ∈ 𝐷

where 𝑤 is the vector of coefficients of the hyperplane, ||𝑤||2 is the length of the weight vector

𝑤

In essence, the goal of SVM is to maximize the margin, by minimizing ||𝑤||2.
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In this study, SVM radial was employed, and a validation plot was generated to evaluate its

performance. The outcomes of this are elaborated upon in Chapter 6, 6.3.1. SVM radial is a

popular algorithm used for classification tasks. It is particularly effective when dealing with

non-linearly separable data by transforming the input space into a higher-dimensional space,

where a linear decision boundary can be found (Ding et al., 2021). The radial basis function

measures the similarity between two data points based on their distance from each other. This

kernel function is defined as:

𝐾(𝑥𝑖, 𝑥𝑗) = exp(−𝜆||𝑥𝑖 − 𝑥𝑗||2) (6)

where 𝑥1 and 𝑥𝑗 are data points, ||𝑥𝑖 − 𝑥𝑗||2 represents the Euclidean distance between them

and 𝜆 is a parameter that determines the influence of each training example on the decision

boundary

3.4.2 K-Nearest Neighbors

KNN is a simple and intuitive classification algorithm that works based on the principle of sim-

ilarity. It classifies data points by identifying the majority class among their k nearest neighbors

in feature space. The choice of k determines the level of smoothness in the decision boundary

(Zhang et al., 2022).

Various distance metrics can be employed to compute distances in KNN, including Euclidean

distance (Equation 7) and Manhattan distance (Equation 8), among others. Euclidean distance

is a measure of the straight-line distance between two points in an Euclidean space, which is

the shortest distance between them, as shown in Equation 7. Manhattan distance, also known

as taxicab or city block distance, is a metric that calculates the distance between two points in a

grid-based system. It is computed as the sum of the absolute differences between the coordinates

of the points along each dimension (Suwanda et al., 2020), as shown in Equation 8.

𝑑(𝑝, 𝑞) = √
𝑛

∑
𝑖=1

(𝑞𝑖 − 𝑝𝑖)2 (7)

where 𝑝, 𝑞 = two points in Euclidean n-space
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Manhattan Distance =
𝑛

∑
𝑖=1

|𝑥𝑖 − 𝑦𝑖| (8)

3.4.3 Random Forest

RF is an ensemble learning method that constructs multiple decision trees during training and

outputs the mode of the classes (classification) or the mean prediction (regression) of the indi-

vidual trees. Each decision tree is built on a random subset of the training data and a random

subset of the features. RF aims to reduce overfitting and improve generalization performance

by averaging the predictions of multiple trees (Tan, 2021).

The RF classifier adapts the Gini Index, a metric used to assess the impurity of an attribute based

on the classes present. Given a training set 𝑇, where a case is randomly selected and assigned

to a class , the Gini index can be expressed using Equation 9 (Tan, 2021):

∑ ∑ 𝑗≠𝑖 (𝑓𝐶𝑖, 𝑇
|𝑇 |

) (𝑓(𝐶𝑖, 𝑇
|𝑇 |

) (9)

where
𝑓𝐶𝑖,𝑇

|𝑇 | represents the probability that the selected case applies to the class 𝐶𝑖

3.4.4 Gradient Boosting Machine

GBM is another ensemble learning method that builds a sequence of weak learners (typically

decision trees) in a forward stage-wise manner. Each new learner focuses on minimizing the

residual errors of the previous learners. GBM combines the predictions of all learners to make

the final prediction. Unlike RF, GBMbuilds trees sequentially and relies on the gradient descent

optimization algorithm to minimize the loss function.

3.5 Machine Learning Model Evaluation and Optimization

In assessing the effectiveness of the models in classifying the occurrence of BXW, a variety

of metrics were utilized, encompassing AUC, recall, precision, F1-score, and accuracy. These

metrics, chosen based on their relevance and widespread use in plant disease classification stud-

ies as outlined in Chapter 2, Section 2.4, offered distinct insights into the models’ performance.

By utilizing a combination of these metrics, an evaluation of the models’ effectiveness was

attained, enabling an examination of their classification capabilities.
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3.5.1 Accuracy

Accuracy measures the overall correctness of a model’s predictions, representing the propor-

tion of correctly classified instances (both true positives and true negatives) among all instances.

While accuracy is an intuitive metric, it may not be suitable for imbalanced datasets, where the

majority class dominates. However, in balanced datasets, accuracy provides a straightforward

evaluation of the model’s performance (Luque et al., 2019). As class imbalance was addressed

during data preparation, in Chapter 2, Section 3.3.1, accuracy was included as one of the evalu-

ation metrics. The confusion matrix was extracted for each model, and accuracy was calculated

from it using the Equation 10.

Accuracy = 𝑇 𝑃 + 𝑇 𝑁
𝑇 𝑃 + 𝑇 𝑁 + 𝐹𝑃 + 𝐹𝑁

(10)

where 𝑇 𝑃 represents True Positives, 𝑇 𝑁 represents True Negatives, 𝐹𝑃 represents False Pos-

itives, and 𝐹𝑁 represents False Negatives.

The accuracy results of the models are elaborated upon in Chapter 6, Section 6.4.1

3.5.2 Area Under the Curve

AUC is a widely used metric for evaluating the performance of binary classification models.

It represents the probability that the model ranks a randomly chosen positive instance higher

than a randomly chosen negative instance. AUC is advantageous as it provides a single scalar

value that summarizes the model’s ability to discriminate between the positive and negative

classes across all possible decision thresholds (Obi, 2023). A higher AUC value indicates better

model performance. The performance of the models used in this study in relation to the AUC

is discussed in Chapter 6, Section 6.4.2.

3.5.3 Recall

Recall, also known as sensitivity or true positive rate, measures the proportion of actual positive

instances that are correctly identified by the model. In the context of our classification problem,

recall indicates the model’s ability to correctly identify instances of the target class (BXW di-

agnosis). High recall is desirable when the cost of missing positive instances (false negatives)

is high (Obi, 2023).
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Recall was calculated using Equation 11:

𝑅𝑒𝑐𝑎𝑙𝑙 = 𝑇 𝑃
𝑇 𝑃 + 𝐹𝑁

(11)

where 𝑇 𝑃 represents True Positives and 𝐹𝑁 represents False Negatives

The recall results of the models are discussed in Chapter 6, 6.4.3

3.5.4 Precision

Precision, depicted in Equation 12, quantifies the proportion of positive predictions made by the

model that are actually correct (Obi, 2023). In our classification problem, precision, discussed

in Chapter 6, Section 6.4.4, reflects the accuracy of the model in identifying positive instances

(presence of BXW) among all instances predicted as positive. Precision is particularly important

in scenarios where the cost of false positives is high, such as in disease diagnosis, fraud detection

or spam filtering.

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 = 𝑇 𝑃
𝑇 𝑃 + 𝐹𝑁

(12)

where 𝑇 𝑃 represents True Positives and 𝐹𝑁 represents False Negatives.

3.5.5 F1-Score

The F1-score, representing the harmonic mean of precision and recall, offers a balanced eval-

uation of the model’s performance by considering both false positives and false negatives. It

serves as a comprehensive metric, especially valuable in datasets where class imbalances exist,

as it accounts for both Type I and Type II errors (Obi, 2023). This single score strikes a balance

between precision and recall, making it suitable for comparing models with different trade-offs

between false positives and false negatives. The F1-score results are discussed in Chapter 6,

Section 6.4.5, where we delve into the implications of this metric in our classification problem.

The F1-score is calculated using the following equation:

𝐹1 = 2 × 𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 × 𝑅𝑒𝑐𝑎𝑙𝑙
𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 + 𝑅𝑒𝑐𝑎𝑙𝑙

(13)

In summary, the chosen evaluation metrics - AUC, recall, precision, F1-score, and accuracy
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were well-suited for assessing the performance of the classification models. AUC provided

an overall measure of discrimination capability, while recall, precision, and F1-score offered

insights into the models’ ability to correctly classify positive instances and avoid false posi-

tives. Accuracy complemented these metrics by providing a holistic view of overall prediction

correctness.

3.5.6 Model Optimization

In Chapter 6, Section 6.4.5, it was observed that the RF model outperformed the other models

in classifying BXW occurrences. To enhance its performance, we optimized the model further

through hyperparameter tuning.

The RF model was customized by specifying parameters such asmtry, the number of variables

randomly sampled as candidates at each split and ntree, the number of trees in the forest. To

ensure comprehensive evaluation, train control settings were configured for cross-validation

using the “repeatedcv” method with 10 folds and 3 repeats. Furthermore, parallel processing

was enabled to streamline the tuning process.

When generating a tuning grid, various combinations of hyperparameters for the RFmodel were

explored. The range for mtry was set from 1 to 15, and specific values for ntree (500, 1000,

1500, 2000) were considered. The evaluation of this tuning process is discussed in detail in

Chapter 6, Section 6.4.6

During the tuning process, the optimal parameters were identified as settingmtry to 1 and using

1500 trees, as illustrated in Figure 6.23. Subsequently, an optimized RF model was constructed

using these parameters, and its performance on the test data was assessed. The performance

was then compared with that of the RF model using default parameters and results discussed in

Chapter 6, Section 6.4.6.

3.6 Deployment

After model evaluation, RF emerged as the top-performing model, as detailed in Chapter 6,

Section 6.4.5. Consequently, it was employed in subsequent deployment stages for various

purposes.

This section delineates the utilization of the RF model to discern the environmental factors

influencing the occurrence of BXW and their respective impacts. Furthermore, it explores the
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development of a habitat suitability map derived from the model’s predictions to assess the

risk of BXW in Rwanda. Lastly, the section outlines the deployment of the model to the web

interface, facilitating user interaction for real-time BXW prediction and early warning alerts

through Short Message Service (SMS).

3.6.1 BXW Environmental Drivers

To determine the environmental factors contributing to the occurrence of BXW, we utilized the

RFmodel to assess variable importance. Variable importance measures the contribution of each

predictor variable in themodel to predicting the outcome. By analyzing variable importance, we

identified the significant environmental factors influencing the presence or absence of BXW.

Chapter 6 Section 6.5.1 provides detailed insights into the results obtained from this analysis.

3.6.2 Impact of Environmental Factors on BXW

Partial plots were instrumental in exploring the relationship between BXW occurrence and var-

ious environmental factors identified as significant contributors. These plots provide a nuanced

understanding of how BXW responds to key environmental drivers, shedding light on the com-

plex interplay between these factors and the incidence of the disease. The findings from these

analyses are discussed in more detail in Chapter 6, Section 6.5.2.

3.6.3 Mapping BXW Habitat Suitability

The RF model was utilized to forecast the likelihood of BXW occurrence across the entirety of

Rwanda’s cropland. Leveraging the insights gained from the model, a comprehensive habitat

suitability map was crafted, as shown in Chapter 6, Section 6.5.3. This risk map serves as a

valuable resource, enabling researchers and stakeholders to delve into BXWprevalence patterns

across Rwanda’s diverse landscapes.

By discerning regions with heightened susceptibility to BXW, this map empowers decision-

makers with the knowledge needed to implement targeted interventions and preventive mea-

sures effectively. Through its detailed analysis, the habitat suitability map facilitates a deeper

understanding of BXW distribution dynamics, guiding strategic efforts toward the mitigation

and management of this devastating plant disease.
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3.6.4 Developing an Early Warning System

To establish an ML-driven EWS, the RF model was stored, and a Plumber API was developed

to enable seamless interaction with a web portal developed using Django, a Python web frame-

work. This infrastructure allowed for real-time access to the RF model’s predictive capabilities,

facilitating timely interventions in response to potential BXWoutbreaks. Furthermore, the early

warning alerts were disseminated through the utilization of SMS, ensuring swift communica-

tion of critical information to relevant stakeholders. For a comprehensive understanding of the

implementation process and the seamless integration of the various components comprising the

platform, further details are discussed in Chapter 5.
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Chapter 4: System Design and Architecture

4.1 System Modeling

The system modeling process in this study employed the UML, a standardized methodology

renowned in software engineering for its effectiveness in visualizing and documenting system

design. UML serves as a universal language, enabling system architects, developers, and stake-

holders to communicate and comprehend complex systems efficiently (Koc et al., 2021).

Among the array of UML diagrams available, the use case diagram was utilized in this study.

This diagram, a type of behavioral diagram, illustrates the interactions between users (actors)

and the system, offering a high-level overview of the system’s functionalities and the roles of

the actors involved (El Miloudi and Ettouhami, 2018). Through this depiction, stakeholders

gained valuable insights into the system’s operational dynamics.

Figure 4.1 illustrates the UML diagram, showcasing the various components, relationships, and

behaviors within the system.

Figure 4.1: UML diagram

4.2 System Components

During the study, the system developed comprised three main components: a database, a web

portal, and an SMS notification system.
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4.2.1 Database

In this study, the database architecture incorporated the use of a Snowflake schema to opti-

mize data organization and query performance. The Snowflake schema, characterized by its

centralized fact table surrounded by multiple dimension tables (Karmani et al., 2020), facili-

tated enhanced data integrity and streamlined querying processes. Dimension tables, including

Province, District, Sector, User, BXW Diagnosis, and SMS, were structured in a normalized

manner, ensuring data integrity and facilitating efficient querying.

An ERD, shown in Figure 4.2 visually depicted the relationships between these entities, outlin-

ing their attributes and connections within the database system. This ERD served as a blueprint

for understanding the database structure and ensuring the integrity of data relationships.

Through the combined utilization of the Snowflake schema and ERD, the database architecture

was structured to handle diverse data needs. This approach ensured that the database system

could efficiently manage BXW-related data and support mitigation efforts effectively.

Figure 4.2: Entity relationship diagram
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Table 5 offers a comprehensive breakdown of each database table that has been created.

Table 5: Database tab
Table Field Name Data Type Description

Province Province_ID int Unique identifier for province

Name char (100) Name of the province

District District_ID int Unique identifier for district

Name char (100) Name of the district

Province_ID int Foreign key referencing the Province table

Sector Sector_ID int Unique identifier for sector

Name char (100) Name of the sector

District_ID int Foreign key referencing the District table

BXW Diagnosis Diagnosis_ID int Unique identifier for occurrence

Latitude float Latitude coordinates of occurrence

Longitude float Longitude coordinates of occurrence

Diagnosis int BXW diagnosis encoded as binary

Occurrence_Date DateTime Date of the diagnosis

Sector_ID int Foreign key referencing the Sector table

User User_ID int Unique identifier for user

First_Name char (50) User’s first name

Last_Name char (50) User’s last name

Phone_Number char (15) User’s phone number, including country code

Latitude float Latitude coordinates of the user’s farm

Longitude float Longitude coordinates of the user’s farm

Registered_Date DateTime Date of user enrollment in the alerts system

Sector_ID int Foreign key referencing the Sector table

SMS SMS_ID int Unique identifier for SMS notification

Message text The message content, including the prediction

Response text The API’s response to query

SMS_Date DateTime The date and time the SMS was sent

User_ID int Foreign key referencing the User table

4.2.2 Web Portal

The web portal was organized into four primary sections, each addressing different aspects

of BXW concerns. These sections included a Home Page offering a summary of the problem

and proposed solutions, aData Analysis section for reviewing historical occurrences of BXW, a

BXWSentinel Page for real-time susceptibility prediction, and aUser Registration Page for early

warning sign-ups. To visualize the user experience within the portal, a sitemap and wireframes

were created as per below.
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Sitemap

A sitemap is a visual representation of the structure and hierarchy of a website, outlining its

various pages and the relationships between them. It provides users with a clear overview of

the website’s layout and organization, helping them navigate through different sections and

find the information they need more efficiently. Sitemaps are essential for improving website

usability and enhancing the user experience by ensuring that all pages are easily accessible and

logically organized.

Figure 4.3: Sitemap of the web portal
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Wireframes

Wireframes are simple, schematic representations of a website or application’s layout, illus-

trating the placement of elements such as navigation menus, content sections, and interactive

features without focusing on design details. They serve as blueprints for the user interface

design, helping to visualize the structure and functionality of the final product before invest-

ing time and resources in full-fledged development. Miro, a collaborative online platform

[https://miro.com/], was used to create the wireframes for the website design.

(a) Home Page Wireframe

The home page offers a concise overview of the BXW problem, showcases key features

of the portal, and provides easy navigation to other sections.

Figure 4.4: The home page wireframe

(b) Data Analysis Wireframe

TheData Analysis page provides insights into BXWoccurrences, encompassing diagnos-

tic counts, a geographical distributionmap, and correlationswith diverse factors including

location, time, and environmental conditions.
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Figure 4.5: Data analysis wireframe

(c) BXW Sentinel Wireframe

The BXW Sentinel page provides real-time monitoring of BXW susceptibility, featuring

a habitat suitability map, a predictive form for obtaining BXW susceptibility forecasts,

and graphical representations of BXW responses to environmental conditions.

Figure 4.6: BXW sentinel wireframe
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(d) User Registration Wireframe

Users have the option to sign up for alerts regarding BXW susceptibility via the user reg-

istration page. They are prompted to input their names, contact information, and location

to facilitate accurate predictions.

Figure 4.7: User registration wireframe

4.2.3 SMS Notifications

The early warning alert SMS system employed the architecture depicted in Figure 4.8 to ensure

seamless communication with users.

Figure 4.8: SMS notification flowchart
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Chapter 5: System Implementation and Testing

This chapter provides an in-depth exploration of the development process and technical aspects

of the BXWEWS. We delve into the architecture, design decisions, and implementation details

of the database, web portal and SMS notification system. By examining the methodologies,

tools, and technologies employed, this chapter offers insights into the systematic approach taken

to address the challenges posed by BXW in Rwanda. Through an analysis of the system’s

components and implementation strategies, a deeper understanding is gained of how the system

was conceptualized, designed, and implemented to effectively mitigate the impact of BXW on

agricultural practices.

Additionally, this chapter will discuss testing methods aimed at evaluating the usability of the

system and determining whether the problem statement has been adequately addressed.

5.1 System Implementation

5.1.1 Database

In this study, the database implementation relied on PostgreSQL, an open-source relational

database management system. PostgreSQL was chosen for its robust features, reliability, and

scalability, making it well-suited for handling the complexities of the data involved in address-

ing BXW concerns.

To structure the database, Django models were utilized, providing a high-level abstraction for

defining the data models and their relationships within the application. The tables developed

included Province, Sector, District, BXWDiagnosis, User, and SMS, as highlighted in the ERD

shown in Figure 4.2.

The database design underwent a normalization process to ensure optimal data organization,

eliminate redundancy, and maintain data integrity. This involved breaking down data into

smaller, more manageable entities and establishing primary and foreign key constraints to de-

fine relationships between tables. By adhering to normalization principles, the database schema

was streamlined and optimized for efficient data retrieval and manipulation.

To populate the database with Rwanda’s administrative data and historical BXW occurrences,

the data was prepared in CSV files, and primary-foreign key constraints were defined. Django

scripts were then developed to facilitate the loading of the existing data into the database.
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5.1.2 Web Portal

The implementation of theweb portal leveraged several key technologies, each serving a distinct

role in the development process. Django, a high-level Python web framework, was employed

for the backend infrastructure. Django provides a robust framework for building web applica-

tions, offering features such as Uniform Resource Locator (URL) routing, template rendering,

and database interaction. Its object-relational mapping capabilities streamline database access

and manipulation, facilitating efficient data handling and storage.

On the frontend side, Hypertext Markup Language (HTML), Cascading Style Sheets (CSS),

and jQuery played pivotal roles in developing the user interface and enhancing interactivity.

HTML served as the foundation of web pages, defining the structure and content of the user

interface elements. It provided a standardized markup language for organizing text, images,

links, and other multimedia content.

CSS complemented HTML by enabling the styling and presentation of web pages. With CSS,

wewere able to control the layout, colors, fonts, and visual aspects of the user interface, ensuring

a cohesive and visually appealing design across different devices and screen sizes.

jQuery, a fast and concise JavaScript (JS) library, was utilized to enhance the frontend func-

tionality and user experience. jQuery simplified common JS tasks, such as event handling,

Document Object Model (DOM) manipulation, and AJAX requests, which made it easier to

implement dynamic and interactive features on web pages. Its extensive library of plugins and

utilities further streamlined development tasks, allowing for rapid prototyping and iteration.

(a) Homepage

The homepage, illustrated in Figure 5.1 was carefully crafted to provide a brief summary of the

problem and proposed solution, as well as reasons why using the tool is important. Additionally,

it featured navigational links to facilitate seamless transitions between various sections of the

website. Furthermore, the page included acknowledgments to the projects that supported the

research, namely ICT4BXW [https://ict4bxw.com/], an initiative focused on leveraging ICT so-

lutions for managing banana diseases, particularly BXW, and the CGIAR Excellence in Agron-

omy Initiative [https://eia.cgiar.org/], which aims to enhance agricultural practices and

productivity through research and innovation.
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Figure 5.1: Homepage
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(b) Data Analysis Page

The data analysis page, highlighted in Figure 5.2 provided insights into the historical occur-

rences of BXW. Django views were used to interact with the database to retrieve stored data,

which was then passed to frontend templates for visualization. Caching was employed to opti-

mize data retrieval.

Highcharts, a JS library for creating interactive charts and graphs, was utilized for plotting

various charts, including the total counts of diagnosis, the number of positive BXW diagnoses,

and their percentage. Additionally, the page featured a spatial distribution map of occurrences,

bar charts illustrating occurrences per province, and class distribution counts.

A drilldown chart was also developed to enable users to explore occurrences per year andmonth.

Furthermore, the page included plots of BXW occurrences under different climatic and topo-

graphical conditions, offering valuable insights into BXW’s response to varying environmental

factors.

Figure 5.2: Data analysis page snippet
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(c) BXW Sentinel

The BXW sentinel, showcased in Figure 5.3 was developed to interact with the RF model for

predicting BXW occurrences. The R model was stored and loaded into an R microservice to

enable faster predictions. Containerizing the R microservice using Docker enhanced its porta-

bility and reuse. An API endpoint was developed using the R Plumber package to facilitate

interaction with the model from the web portal.

The habitat suitability map for BXW, depicted in Figure 6.26, was generated from the modeling

process and integrated into the platform. It provides an overview of BXW susceptibility in

different regions of Rwanda.

For real-time predictions from the model, users are prompted to input coordinates through an

HTML form. Upon clicking the “Get Prediction” button, the user inputs are passed to a Django

view. Django then sends a GETAPI request to the Rmicroservice and provides the coordinates.

Themicroservice checks if the coordinates belong in Rwanda, extracts the environmental condi-

tions, and passes them to the RF model for prediction. The microservice returns the probability

of BXW occurrence to Django through the Plumber API, which is then displayed to the user.

If the location is outside Rwanda, a message requests valid coordinates from the user.

Figure 5.3: BXW sentinel page
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(d) User Registration

A user registration module was developed to streamline the process of enrolling for BXW early

warnings. This module enables users to input their first and last names, phone numbers, and

select their respective provinces, districts, and sectors from interdependent dropdown menus.

The dropdown menus dynamically adjust based on the user’s selection, ensuring accuracy and

efficiency in data entry. Additionally, users provide the coordinates of their banana farms to

enhance the precision of the EWS. Upon submission of the registration form by clicking the

“Register for Alerts” button, the system validates the form fields, verifying that the coordinates

fall within Rwanda’s bounding box and that the phone number includes the required country

code.

In cases where the form inputs are found to be invalid, error messages are promptly displayed to

guide users in rectifying the errors before resubmitting their details. Once the user registration

process is successfully completed and all necessary criteria are met, the user details are securely

stored in the database. These details serve as crucial data points utilized by the system for

sending timely and accurate early warning messages, thereby enhancing the effectiveness of

the BXW mitigation efforts.

Figure 5.4: User registration page
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5.1.3 SMS Notifications

The early warning component of the study was implemented using a bulk SMS system, lever-

aging the Africa’s Talking [https://africastalking.com/] API to facilitate seamless com-

munication. The user management system discussed in the preceding section played a crucial

role in overseeing the complete process of user registration and enrollment in the SMS alert

system.

To automate the process of sending early warning alerts, a CronJob was developed to handle

message scheduling. These alerts were scheduled to be sent out biweekly, ensuring timely

dissemination of critical information. During the scheduled intervals, the CronJob seamlessly

executed its task, pulling data of enrolled users from the system’s database. Subsequently,

an API call was triggered to the R model microservice, which provided predictions of BXW

occurrence risk for each user based on their specified locations. The resulting predictions were

then incorporated into personalized messages, as shown in Figure 5.5, effectively conveying

the probability of BXW occurrence to the respective users.

Figure 5.5: Early warning SMS

5.2 Testing

The testing phase of the implemented BXWearly warning system aimed to validate its function-

ality, usability, compatibility, security, and effectiveness in addressing the identified problem

statement. Through a series of testing procedures, including functionality, usability, compati-

bility, security, and validation testing, the system’s performance and reliability were evaluated
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to ensure its readiness for deployment in real-world scenarios.

5.2.1 Functionality Testing

Functionality testing was a crucial phase in evaluating the BXW EWS’s performance. The ac-

curacy of BXW diagnosis was assessed to guarantee precise identification of BXW occurrences

by comparing system-generated diagnoses with known historical occurrences. Furthermore, the

real-time BXW susceptibility prediction feature underwent thorough validation against current

environmental conditions and historical data.

In addition to BXW diagnosis accuracy and real-time prediction, functionality testing also en-

compassed the evaluation of user registration and SMS delivery processes. The user registration

process was scrutinized to ensure that users could seamlessly enroll for early warning alerts by

providing their information. Similarly, SMS delivery functionality was rigorously tested to

confirm that users received SMS notifications promptly at scheduled times.

Overall, functionality testing played a pivotal role in assessing the BXW EWS’s operational

capabilities. By rigorously evaluating BXW diagnosis accuracy, real-time prediction function-

ality, user registration process, and SMS delivery functionality, the system’s readiness for de-

ployment in real-world scenarios was confirmed.

5.2.2 Usability Testing

The usability testing was conducted in-house to assess various aspects of the web portal’s func-

tionality and usability. This included evaluating the ease of navigating through different sec-

tions of the portal’s user interface and observing users as they performed tasks. The goal was

to ensure that the portal’s navigation was intuitive and user-friendly, allowing users to access

information and features effortlessly.

Additionally, the usability of registration forms was tested by having users complete them and

providing feedback on any difficulties encountered. This process aimed to identify and address

any potential issues that could hinder users from successfully registering for the BXW EWS.

By gathering feedback directly from users, the testing helped ensure that the registration process

was streamlined and accessible to all users.

Furthermore, testing was conducted to assess the real-time prediction of BXW on the sentinel

page. Users were tasked with obtaining BXW susceptibility forecasts using the predictive form,
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and their interactionswere closelymonitored. This testing aimed to verify that users could easily

access and utilize the real-time prediction feature, enabling them to make informed decisions

based on the latest BXW susceptibility information.

In general, conducting testing in-house allowed for a thorough evaluation of the web portal’s

functionality and usability. By identifying and addressing any issues early in the development

process, the portal could be optimized to provide users with an intuitive and seamless experi-

ence.

5.2.3 Compatibility Testing

Compatibility testing was conducted to ensure the web portal’s functionality across various

platforms. To verify cross-browser compatibility, the web portal was accessed using different

web browsers, includingChrome, Firefox, Safari, and Edge. Testers navigated through different

sections of the portal and performed tasks to assess its performance and functionality. Any

discrepancies or issues encountered during this process were documented for further analysis

and resolution.

Similarly, mobile responsiveness testing was carried out to evaluate the web portal’s display and

functionality on different mobile devices. Testers accessed the portal using smartphones and

tablets with varying screen sizes and resolutions. They interacted with the portal to determine

if all features were accessible and if the layout adapted effectively to different screen sizes.

Any instances of misalignment, distortion, or functionality issues were noted and addressed to

ensure a seamless user experience across mobile devices.

5.2.4 Security Testing

In the study, security testing was conducted to ensure the robustness of the system’s data pro-

tection measures and API security protocols. To assess user data protection, testers thoroughly

examined the database architecture and access controls to verify the secure storage of user infor-

mation. This involved scrutinizing encryption practices, access permissions, and data storage

protocols to prevent unauthorized access or data breaches. Additionally, rigorous testing was

carried out to evaluate the resilience of API endpoints against potential security threats.
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5.2.5 Validation Testing

Validation testing was conducted to assess the system’s impact on smallholder banana farmers

in Rwanda, in line with the problem statement highlighted in chapter 1, subsection 1.2. This

involved expert validation by domain experts in BXW detection and mitigation. These experts

tested the system to ensure that it accurately reflected actual BXW occurrences on the ground

and provided feedback on its performance and effectiveness in identifying and predicting BXW

outbreaks. Their feedback was crucial in assessing the system’s usability, accuracy, and overall

effectiveness in addressing BXW concerns among banana farmers in Rwanda.
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Chapter 6: Discussion of Results

This chapter offers a review of the outcomes achieved across the different stages of the CRISP-DM

framework, from data understanding to model deployment. This segment presents the insights

gathered from exploring and analyzing the dataset, highlighting the patterns and trends identi-

fied during data preprocessing and modeling. Moreover, it showcases the performance metrics

and effectiveness of the developed models in achieving the research objectives highlighted in

Chapter 1, Section 1.3.

6.1 Data Understanding

6.1.1 Spatial Distribution of BXW

The map shown in Figure 6.1 illustrates the spatial distribution of BXW occurrences across

Rwanda. Each green point indicates a location where BXW diagnosis was negative, while

red points denote positive diagnoses of BXW on banana plants. This visualization offers an

overview of BXW outbreaks’ geographic spread throughout the country, highlighting disease

hotspots. When analyzed alongside the bar plot in Figure 6.2, the map provides insights into

the provinces in Rwanda more susceptible to BXW occurrences.

Figure 6.1: BXW spatial distribution
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The results in Figure 6.2 reveal notable disparities in the occurrence of BXW across different

provinces. Umujyi waKigali (City of Kigali) stands out with the highest percentage of BXWoc-

currence at 42.14%, indicating a significant prevalence of the disease within the province. Fol-

lowing behind, Majyaruguru (Northern Province) exhibits a substantial percentage of 16.89%,

highlighting considerable BXW incidence in the Northern Province. Similarly, Amajvepfo

(Southern Province) demonstrates a moderate occurrence of the disease at 15.98%.

In contrast, Iburengerazuba (Western Province) and Iburasirasuba (Eastern Province) display

relatively lower percentages of BXW occurrence at 13.51% and 13.14% respectively. These

findings underscore the varying levels of BXW prevalence across different provinces, with

the City of Kigali notably experiencing a significantly higher incidence compared to the other

provinces.

Figure 6.2: BXW occurrences per province

6.1.2 Temporal Distribution of BXW

The temporal distribution of BXW, highlighted in Figure 6.3 and Figure 6.4 provide valuable

insights into the dynamic nature of its occurrences over time. Analysis of the data highlights

fluctuations in BXW outbreaks across various months and years, revealing distinct seasonal

patterns and long-term trends. Observations indicate a notable increase in BXW occurrences

from 2020 to 2022, followed by a decrease in 2023.
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While it’s evident that the occurrences in 2019 and 2024 are relatively low, it’s crucial to ac-

knowledge that the dataset for these years was incomplete, covering only specific months (De-

cember 2019 and January to February 2024). This limitation emphasizes the need for careful

interpretation.

Figure 6.3: BXW occurrences per year

The analysis shown in Figure 6.4 illustrates the percentage of BXW occurrence for each month

across the years 2020 to 2023. In 2020, peaks in BXW occurrence were observed in February

(23.39%), March (15.60%), and November (12.05%), while lower occurrences were recorded

in April (1.38%) and July (2.29%). In 2021, notable spikes were seen in November (27.87%),

December (15.82%), and October (13.37%), with lower occurrences noted in January (3.01%)

and February (2.45%). In 2022, a more varied distribution was observed, with May (12.76%)

exhibiting the highest percentage of occurrence. Lastly, 2023 witnessed a significant spike

in BXW occurrence in October (28.92%) alongside notable percentages in June (12.95%) and

November (12.05%), while January (0.6%) and May (0.6%) showed the lowest occurrences.

The fluctuations in BXW occurrences observed across different months and years highlight the

dynamic nature of the disease and its response to various environmental factors. Factors such

as climate conditions, agricultural practices, and disease management strategies may contribute

to the observed temporal patterns. Additionally, the variations in BXW occurrences underscore

the need for continuous monitoring and adaptive management strategies to address emerging

challenges and ensure the resilience of banana cultivation systems.
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Figure 6.4: BXW occurrences per month

6.1.3 Rwanda’s Topography

The analysis of Rwanda’s topographic features, including elevation, slope, aspect, and hill-

shade, offers valuable insights into the country’s diverse landscape and its implications for

ecological processes.

Rwanda’s elevation exhibits notable variations across different regions. The yellow and green

areas in Figure 6.5, showing higher elevations, mainly represent mountainous regions, particu-

larly in the Northern, Southern, and Western Provinces. Conversely, lower elevations, mainly

found in the Eastern Province and the City of Kigali, are depicted by lowland regions. This di-

versity in elevation influences local climate dynamics, the distribution of vegetation, and agri-

cultural activities.

Figure 6.5: Rwanda’s elevation (in m)
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The slope analysis reveals the steepness of Rwanda’s terrain, with steeper slopes often associ-

ated with mountainous regions and gentler slopes prevalent in lowland areas. Aspect, indicating

the direction that the terrain faces, plays a crucial role in determining exposure to sunlight and

prevailing winds, thus influencing microclimates and habitat suitability for various species.

Figure 6.6: Rwanda’s slope (in ∘) and aspect (in ∘)

The color scale in Figure 6.7 illustrates shading intensity across Rwanda’s landscape. Negative

values (shades of red) indicate areas with less illumination or shadowed regions, while positive

values (shades of green) signify brighter spots. This shading gradient offers insights into terrain

relief and slope characteristics, impacting factors like solar radiation exposure and temperature

distribution. Understanding these patterns helps assess Rwanda’s ecological diversity and the

influence of topographic features on its ecosystems and biodiversity.

Figure 6.7: Rwanda’s hillshade
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6.1.4 Rwanda’s Climate

Rwanda’s climate, as inferred from the analysis of bioclimatic variables, exhibits diverse char-

acteristics across different regions of the country. Here’s a summary of Rwanda’s climate based

on the values of the bioclimatic variables obtained during the study and shown in Figure 6.8.

(a) Temperature: Rwanda experiences a relatively mild climate with moderate tempera-

tures throughout the year. However, there are notable variations in temperature across

different elevations and geographic regions. Higher elevations, such as mountainous ar-

eas, tend to have cooler temperatures, especially during the coldest quarters (bio11), while

lowland areas generally experience warmer conditions, particularly in the warmest quar-

ters (bio10). The temperature annual range (bio7) indicates the extent of temperature

fluctuations between seasons, with higher values suggesting greater variability.

(b) Precipitation Patterns: Precipitation distribution in Rwanda varies seasonally, with dis-

tinct wet and dry periods. Regions with higher precipitation of the wettest month (bio13)

and lower precipitation seasonality (bio15) are likely to experience more consistent rain-

fall throughout the year, supporting lush vegetation and agricultural productivity. Con-

versely, areas with lower precipitation of the wettest month and higher precipitation sea-

sonality may face challenges related to water availability and drought risk.

(c) Temperature and Precipitation Extremes: Rwanda’s climate is characterized by oc-

casional temperature and precipitation extremes, as indicated by variables such as tem-

perature annual range (bio7) and precipitation seasonality (bio15).

(d) Spatial Variability: Rwanda’s diverse topography, including highlands, plateaus, and

lowland areas, results in spatial variations in climate. Elevation and slope influence tem-

perature gradients and precipitation patterns, leading to the formation of distinct climatic

zones. For example, mountainous regionsmay experience cooler temperatures and higher

precipitation, supporting montane forests and unique biodiversity.

In summary, Rwanda’s climate is characterized by moderate temperatures, seasonal rainfall

patterns, and spatial variability influenced by topography as depicted in Figure 6.8.
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Figure 6.8: Bio1 - Bio16 Rwanda climate rasters

6.2 Data Preparation

6.2.1 Class Imbalance

The examination of class imbalance in the dataset revealed a significant disproportion between

positive instances (YES) and negative instances (NO), with 2171 YES counts representing ap-

proximately 15.4% of the dataset, and 11947 NO counts accounting for approximately 84.6%

of the dataset. This substantial class imbalance, illustrated in Figure 6.9 posed a challenge for

ML model development, as it could lead to biased predictions and reduced model performance,

particularly in accurately identifying positive instances.

Figure 6.9: BXW diagnosis distribution
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(a) Euclidean Spatial Undersampling

Equal numbers of NO points (2171) were selected to match the count of YES points.

Upon plotting only the NO points in Figure 6.10, as the YES points were retained, it

became evident that the chosen points exhibited a bias towards the north and eastern

provinces. While the original map displays numerous NO points in the southwest region,

the undersampled plot lacks any points in that area. This discrepancy suggests that the

undersamplingmethod failed to achieve geographical balance in the distribution of points.

Figure 6.10: Euclidean spatial undersampling

(b) Stratified Spatial Undersampling

In the stratified sampling approach, an equal number of NO points were selected from

different strata to match the count of YES points, while regions with more points were

picked more to retain the original distribution. Upon examining the maps before and

after sampling, illustrated in Figure 6.11, it is apparent that representation from each

stratum was achieved. Before sampling, the NO points were distributed unevenly across

the map, with some regions having more points than others. However, after stratified

sampling, the distribution of NO points became more balanced. This suggests that the

stratified sampling method effectively addressed the class imbalance issue while ensuring

representation from each geographic region.
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Figure 6.11: Stratified spatial undersampling

(c) Background Points

In the background points technique, an equal number of NO points were randomly se-

lected from the agriculture cropland depicted in Figure 6.13, matching the count of YES

points. The selected points were evenly distributed across all regions, resulting in a bal-

anced representation as seen in Figure 6.12. This approach effectively addressed the

class imbalance issue while ensuring that the dataset encompassed a comprehensive ge-

ographical coverage. By randomly selecting points from the agriculture cropland, the

background points technique preserved the spatial diversity of the dataset, contributing

to a more robust and representative sample for model training.

Figure 6.12: Background absence points
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6.2.2 Rwanda’s Cropland

Figure 6.13 below cropland raster for Rwanda provides a visual representation of agricultural

activity across the country. In this dataset, white areas denote regions with no agricultural activ-

ity, indicating non-agricultural land cover or areas where cropland is not present. Conversely,

areas with non-white colors represent regions where agricultural activities occur, highlighting

the spatial extent of cropland areas.

Figure 6.13: Rwanda’s cropland (Source: https://croplands.org)

6.3 Machine Learning Modeling

6.3.1 Support Vector Machine

The results from the SVM validation plot in Figure 6.14 reveal a clear trend between the cost

parameter and the model’s accuracy. Initially, there is a noticeable increase in accuracy as the

cost parameter rises, indicating improved classification performance. However, beyond a cer-

tain point (around 0.5), the rate of accuracy improvement slows down, suggesting diminishing

returns with higher cost values. Despite this, the accuracy continues to show a slight but con-

sistent increase as the cost parameter further rises. These findings emphasize the importance

of selecting an appropriate cost parameter to strike a balance between model complexity and

predictive accuracy in SVM classification.
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Figure 6.14: SVM validation plot

6.3.2 K-Nearest Neighbors

The KNN validation plot, in Figure 6.15, displays a clear relationship between the number of

neighbors and the model’s accuracy. Initially, with a lower number of neighbors, the accuracy

tends to be higher, indicating that the model is capturing the local patterns more effectively.

However, as the number of neighbors increases, the accuracy starts to decline steadily. This

decline suggests that including more neighbors in the classification process introduces more

noise or irrelevant information, leading to a decrease in predictive performance. Therefore, it

is crucial to carefully select the number of neighbors to achieve the optimal balance between

bias and variance in the KNN model.

Figure 6.15: KNN validation plot
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6.3.3 Random Forest

In the RF validation plot, shown in Figure 6.16, an apparent trend is observed wherein the

accuracy decreases as the number of randomly selected predictors increases. Initially, with a

smaller number of predictors, the model tends to have higher accuracy, indicating that a more

focused selection of predictors contributes to better predictive performance. However, as the

number of predictors increases, the accuracy gradually declines. This decline suggests that

including more predictors introduces more noise or irrelevant features into the model, leading

to a reduction in accuracy. Consequently, it is essential to strike a balance between the number

of predictors and the model’s predictive performance to achieve optimal results with RF.

Figure 6.16: RF validation plot

6.3.4 Gradient Boosting Machine

A notable trend emerges in the GBM model, where accuracy shows consistent improvement

with each iteration and as the maximum tree depth increases. This dynamic is distinctly ob-

served across the plotted iterations in Figure 6.17, revealing a discernible pattern of enhanced

accuracy over the course of model iterations. However, regardless of the maximum tree depth

setting, the plotted results consistently depict an increasing trend in accuracy as the iterations

progress. This observation underscores the beneficial impact of deeper trees and continued

iterations on the model’s predictive performance, reinforcing the effectiveness of the GBM al-

gorithm in capturing complex relationships within the data.
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Figure 6.17: GBM validation plot

6.4 Model Evaluation and Optimization

6.4.1 Accuracy

The accuracy scores, depicted in Figure 6.18 shed light on the models’ performance in classi-

fying instances of BXW presence or absence. RF leads with an accuracy score of 0.94 (94%),

showcasing its ability to make precise predictions by capturing intricate data patterns effec-

tively. Following closely, GBM achieves an accuracy score of 0.89 (89%), demonstrating ro-

bust predictive performance and proficiency in the BXW classification task. KNN, with an ac-

curacy score of 0.87 (%), exhibits moderate effectiveness in BXWclassification, though slightly

trailing RF and GBM.

Conversely, SVM presents the lowest accuracy score of 0.83 (89%). This could be attributed

to the data’s non-linear nature and the choice of hyperparameters. Despite its lower accuracy,

SVM still shows promise in predictive performance, indicating potential for refinement.
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Figure 6.18: Accuracy comparison

6.4.2 Area Under the Curve

With an outstanding AUC score of 0.97 (97%), the RF model emerges as the top performer,

showcasing its exceptional ability to correctly rank positive instances higher than negative ones

across various thresholds. Following closely behind, the GBM model achieves an impressive

AUC score of 0.96 (96%), indicating robust discriminative performance and proficiency in

accurately distinguishing between positive and negative instances of BXW. KNN also demon-

strates strong discriminative capabilities with an AUC score of 0.94 (94%), showcasing its ef-

fectiveness in accurately classifying instances of BXW presence or absence based on their pre-

dicted probabilities. SVM, with an AUC score of 0.91(91%), presents slightly lower discrim-

inative performance compared to the other models. However, SVM still exhibits reasonable

discriminative power, suggesting potential for further optimization and improvement.

Figure 6.19: AUC comparison
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6.4.3 Recall

The recall scores, shown in Figure 6.20 provide valuable insights into the models’ abilities

to correctly identify positive instances of BXW presence among all actual positive instances.

RF and KNN stands out with a recall score of 0.94 (94%), indicating their high capability in

capturing most positive instances of BXW presence, thereby minimizing false negatives. GBM

follows closely with a recall score of 0.91 (91%), demonstrating its effectiveness in correctly

identifying a substantial proportion of positive instances while maintaining a relatively low rate

of false negatives. SVM, with a recall score of 0.84 (84%), demonstrates moderate performance

in identifying positive instances of BXW presence, with some room for improvement compared

to the other models.

Figure 6.20: Recall comparison

6.4.4 Precision

RF achieves the highest precision score of 0.95 (95%), indicating its strong capability in mak-

ing positive predictions that are actually correct. This suggests that RF effectively minimizes

the occurrence of false positives while maximizing true positive predictions. Following closely

behind is GBM with a precision score of 0.87 (87%), demonstrating its effectiveness in accu-

rately classifying positive predictions, albeit with a slightly higher false positive rate compared

to RF. KNN and SVM both exhibit precision scores of 0.83 (83%), indicating their moderate

performance in avoiding false positives and accurately classifying positive predictions.
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Figure 6.21: Precision comparison

6.4.5 F1-Score

RF achieves the highest F1-score of 0.94 (94%), indicating its ability to achieve a balance be-

tween precision and recall. This suggests that RF effectively minimizes both false positives and

false negatives, leading to a robust overall performance. Following RF is GBMwith an F1-score

of 0.89 (89%), demonstrating its strong performance in balancing precision and recall. KNN

achieves an F1-score of 0.88 (88%), indicating its moderate performance in balancing preci-

sion and recall, although slightly lower compared to RF and GBM. SVM exhibits the lowest

F1-score of 0.83 (83%) among the evaluated models, suggesting its relatively lower effective-

ness in achieving a balance between precision and recall. Despite its lower F1-score, SVM still

demonstrates reasonable performance as shown in Figure 6.22.
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Figure 6.22: F1-Score comparison

RF emerged as the top-performing model across all the evaluation metrics. With an accuracy

score of 96%, RF demonstrated exceptional capability in correctly classifying instances of BXW

presence or absence. Additionally, RF achieved an AUC of 94%, indicating strong discrimi-

natory power in distinguishing between positive and negative instances. Furthermore, RF ex-

hibited impressive recall, precision, and F1-score values of 94%, 95%, and 94%, respectively.

These high scores across multiple metrics underscore the robustness and effectiveness of the

RF algorithm in capturing intricate patterns within the dataset and making accurate predictions.

6.4.6 Model Optimization

As RF emerged as the top-performing model across all metrics, further optimization was con-

ducted to enhance its performance. The plot in Figure 6.23 shows how different values ofmtry

and ntree impact the model’s accuracy. We can note that the accuracy peaks when the number

of trees is set to 1500. Interestingly, increasing the mtry parameter consistently lowers accu-

racy regardless of the number of trees. This suggests that including more features in the random

selection process during tree construction could lead to overfitting. Therefore, finding the right

balance between mtry and ntree is essential for achieving optimal model performance.
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Figure 6.23: Effect of mtry and ntree on model accuracy

After optimization, the RF model showed slight improvements across various performance

metrics. The AUC increased marginally from 98.19% to 98.23%, indicating improved over-

all model discrimination. The model’s Recall remained consistent at 94.25%, while Precision

slightly improved from 93.82% to 94.25% after optimization. This indicates that the model

maintained its ability to correctly identify the majority of actual positive instances, with a Re-

call rate of 94.25%. The increase in Precision suggests that the model became more accurate in

identifying true positive instances while reducing false positives. Consequently, the F1 Score,

representing the harmonic mean of Recall and Precision, as shown in Equation 13, increased

from 94.04% to 94.25%, indicating a more balanced performance in capturing both false posi-

tives and false negatives.

Moreover, the Accuracy of the RF model observed a notable increase from 93.94% to 94.29%

after optimization. This signifies an enhanced ability of the model to correctly classify both

positive and negative instances of BXW occurrences, leading to a higher overall prediction

accuracy.

Overall, these results indicate that the optimization process refined the RF model, resulting in

improved performance metrics across the board, thereby strengthening its efficacy in predicting

and classifying BXW occurrences.
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6.5 Deployment

6.5.1 BXW Environmental Drivers

The analysis of variable importance highlighted in Figure 6.24 reveals the significant environ-

mental factors influencing the occurrence of BXW. Among these factors, precipitation of the

wettest month emerges as the most influential predictor, with a variable importance score of

100. This suggests that the amount of rainfall during the wettest month plays a crucial role in

determining the presence or absence of BXW.

Following closely behind is elevation, with a variable importance score of 97.03, indicating its

strong influence on BXW occurrence. Elevation likely affects BXW distribution by influencing

factors such as temperature and moisture levels, which are known to impact disease develop-

ment.

Other notable environmental factors include the maximum temperature of the warmest month,

mean diurnal range, and annual mean temperature, which all exhibit substantial variable impor-

tance scores above 70. These variables reflect the importance of temperature-related factors in

BXW occurrence, highlighting the sensitivity of the disease to climatic conditions.

Furthermore, factors related to precipitation, such as precipitation of the warmest and wettest

quarters, as well as annual precipitation, also demonstrate considerable importance, underscor-

ing the role of rainfall patterns in BXW epidemiology.

The analysis also identifies topographic factors like slope and hillshade as influential predictors,

suggesting that terrain characteristics may influence the spread and severity of BXW.

The analysis further reveals environmental factors with a variable importance score of 0, in-

dicating negligible influence on BXW occurrence. These factors include temperature season-

ality, isothermality (uniformity of temperature throughout the year), and aspect. While these

variables may have some impact on local environmental conditions, their contribution to BXW

distribution appears to be minimal compared to other factors identified in the analysis.
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Figure 6.24: BXW environmental drivers

Overall, the variable importance analysis provides valuable insights into the environmental

drivers of BXW occurrence, informing strategies for disease management and mitigation ef-

forts.

6.5.2 Impact of Environmental Factors on BXW

The interaction between BXW and environmental variables unveils distinctive trends shedding

light on its occurrence patterns as illustrated in Figure 6.25. Specifically selected for their

significant variable importance scores exceeding 60, partial plots were generated to explore how

BXW occurrence responds to these influential factors. Analyzing these partial plots uncovers

valuable insights into the dynamics of BXW risk across a range of environmental conditions:

a) Precipitation of Wettest Month: The plot suggests that BXW risk remains relatively stable

at lower precipitation levels but sharply decreases beyond a threshold. This observation indi-

cates a potential mitigation of BXW risk with higher precipitation levels, as excessive moisture

might be unfavorable for the pathogen’s survival or spread.

b) Elevation: BXW risk exhibits an interesting pattern concerning elevation. It shows a gradual

rise with increasing elevation until a certain threshold, after which there’s a slight decrease

and stabilization. This trend implies that BXW prevalence might be influenced by specific
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altitudinal ranges, possibly due to variations in climate or ecological conditions.

c) Max Temperature of Warmest Month and Annual Mean Temperature: Both partial

plots depict similar trends, with BXW risk increasing with temperature up to a certain thresh-

old, decreasing afterward, and stabilizing. This observation underscores the critical role of

temperature in influencing BXW prevalence, with optimal conditions existing within a lower

temperature range.

d) Mean Diurnal Range: The partial plot reveals a pattern where BXW risk increases up to a

certain range of mean diurnal temperature variation, decreases afterward, and stabilizes. This

pattern suggests that BXW occurrence may be influenced by variations in temperature between

day and night, with optimal conditions existing within the higher range.

e) Temperature Annual Range: The partial plot demonstrates fluctuations in BXW risk in re-

sponse to temperature variability, indicating a nonlinear relationship. This suggests that temper-

ature variability, in addition to mean temperatures, plays a role in influencing BXW occurrence,

possibly interacting with other environmental factors.

f) Mean Temperature of Warmest Quarter and Mean Temperature of Driest Quarter:

Both partial plots show BXW risk increasing until a certain temperature threshold, decreasing

afterward, and stabilizing. This highlights the critical influence of temperature during specific

periods in shaping BXW prevalence, with optimal conditions existing within specific tempera-

ture ranges.

g) Annual Precipitation and Precipitation of Wettest Quarter: These partial plots depict

BXW risk stabilizing until a certain precipitation level, followed by fluctuations and stabiliza-

tion. This suggests a nonlinear relationship between precipitation levels and BXW occurrence.

h) Precipitation of Coldest Quarter: The partial plot indicates fluctuations in BXW risk in

response to precipitation during cold periods, with optimal conditions existing within specific

ranges.
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Figure 6.25: BXW response to environmental factors

6.5.3 Mapping BXW Habitat Suitability

The habitat suitability map for BXW in Rwanda provides valuable insights into the distribu-

tion and risk levels associated with BXW occurrence across the country. The color scheme

employed in the map effectively categorizes regions based on their risk levels, with green in-

dicating low risk, yellow signifying medium risk, and red representing high risk. Additionally,

the presence of white areas on the map indicates regions where agricultural activities are absent.

Upon analysis of the habitat suitability map, it is evident that the majority of Rwanda exhibits

a low risk of BXW occurrence, as indicated by the prevalence of green areas. However, there

are notable exceptions, particularly in specific regions characterized by red shading, which de-

notes areas of heightened risk. Specifically, districts such as Burera, Musanze, Gisagare, Nya-

masheke, and Rusizi emerge as hotspots with elevated BXW risk levels. These regions warrant

closer attention and targeted intervention strategies to mitigate the potential impact of BXW

outbreaks on agricultural productivity and livelihoods.

Furthermore, the eastern part of Rwanda shows lower risk levels for BXW, suggesting less

favorable conditions for the disease. This understanding of BXW risk distribution is vital for

effective resource allocation, disease management, and policy decisions to protect agricultural
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productivity and ensure food security.

Figure 6.26: BXW habitat suitability map

6.6 Summary

The results indicate that RF outperformed all other models across various evaluation metrics,

demonstrating its suitability for constructing a ML-driven EWS for BXW. Further tuning of

the model with parameters such as mtry and ntree led to slight performance improvements.

The analysis of variable importance in Section 6.5.1 unveiled several environmental factors with

significant influence on BXW occurrence, particularly those with importance scores above 55.

These factors include Precipitation of Wettest Month, Elevation, Max Temperature of Warmest

Month, Mean Diurnal Range, Annual Mean Temperature, Temperature Annual Range, Mean

Temperature of Warmest Quarter, Precipitation of Warmest Quarter, and Annual Precipita-

tion. These findings closely correspond with previous research by (Kilwenge et al., 2023), who

likewise identified elevation, annual precipitation, and quarterly temperature and precipitation

metrics as pivotal drivers of BXW occurrence.

The habitat suitability map presented in Figure 6.26 highlights regions in Rwanda that are par-

ticularly susceptible to BXW, notably the northern, western, and southern areas. These findings

corroborate those of (Kilwenge et al., 2023), further emphasizing the importance of these re-

gions in BXW management efforts.
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Chapter 7: Conclusions, Recommendations and Future Work

7.1 Conclusion

Our study highlights the significant role of ML in addressing the specific agricultural chal-

lenge of combating BXW in Rwanda. Through the utilization of RF models, we successfully

crafted a habitat suitability map, delineating regions with varying degrees of susceptibility to

BXW outbreaks. This precise tool equips stakeholders with actionable insights, enabling tar-

geted resource allocation, the implementation of tailored disease management protocols, and

the formulation of strategic policies aimed at strengthening agricultural productivity and forti-

fying food security. Furthermore, our implementation of a ML-driven early warning system,

seamlessly integrated with APIs and SMS alerts, exemplifies the transformative potential of

technology in fostering proactive disease surveillance and management strategies. By harness-

ing these tools, we can empower farmers to anticipate and mitigate the spread of BXW, thereby

safeguarding crop yields and livelihoods. The integration of ML methodologies into agricul-

tural frameworks holds immense promise in fortifying resilience against emerging threats. By

leveraging advanced technologies, we can forge a path toward sustainable food production prac-

tices, ensuring the long-term viability of agricultural systems and the well-being of communities

reliant upon them. This study serves as a testament to the pivotal role that ML can play in ad-

dressing complex agricultural issues, ushering in a future characterized by enhanced efficiency,

adaptability, and resilience in the face of evolving challenges.

7.2 Recommendations

Recommendations for the implementation of the study’s findings in real-life scenarios are as

follows: Firstly, fostering stakeholder engagement and collaboration, including government

agencies, agricultural organizations, and local communities, is essential for effective dissem-

ination and adoption of the developed tools and strategies for combating BXW. Secondly,

providing training programs and capacity-building initiatives tailored to empower farmers, ex-

tension workers, and policymakers with the knowledge and skills to utilize the habitat suitability

map and early warning system effectively is crucial. Thirdly, integrating the developed tools

into existing agricultural systems and decision-making processes, such as land-use planning

and disease surveillance networks, will enhance their impact. Customization of the tools to suit

local contexts, considering factors like agroecological zones and socio-economic conditions,
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is also necessary. Lastly, advocating for supportive policies and institutional frameworks that

recognize the importance of ML-driven solutions in agriculture can facilitate their adoption.

7.3 Future Works

In considering avenues for future research, several potential areas for expansion and refinement

emerge from this study. These include geographical expansion to regions facing similar agri-

cultural challenges, necessitating comprehensive data collection and adaptation of ML models

to account for variations in environmental factors, agricultural practices, and disease dynamics.

Furthermore, the exploration of more sophisticated algorithms or ensemble methods presents

an opportunity to enhance the accuracy and robustness of the habitat suitability mapping and

early warning system. Techniques such as deep learning could refine predictive models, while

ensemble methods could mitigate algorithm limitations and yield more reliable predictions. Ad-

ditionally, the integration of real-time data sources such as satellite imagery and weather fore-

casts offers promising prospects for enabling proactive disease management strategies. Satellite

imagery can provide insights into vegetation health, while weather forecasts can predict disease

outbreaks by identifying favorable conditions for pathogen spread. Leveraging real-time data

streams enables timely interventions to mitigate the impact of BXW and other agricultural dis-

eases. These future research directions aim to expand the applicability and effectiveness of

our ML-driven approaches, contributing to the development of more resilient and sustainable

agricultural systems globally.
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