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OPERATIONAL DEFINITION

1. Antimicrobial Resistance (AMR): The ability of microorganisms, such as bacteria, viruses, fungi,
and parasites, to resist the effects of medications that once successfully treated infections caused by
these organisms. In this study, AMR refers to bacterial resistance to antibiotics.

2. Extended Spectrum Beta-Lactamases (ESBLs): Enzymes produced by certain bacteria that break
down beta-lactam antibiotics, including penicillins and cephalosporins, making these drugs
ineffective against infections.

3. Antimicrobial Susceptibility Testing (AST): Laboratory testing used to determine the sensitivity or
resistance of bacteria to specific antibiotics. AST results help guide the selection of effective
treatments for bacterial infections.

4. Electronic Health Records (EHRs): Digital versions of patients' medical histories maintained over
time, including clinical data, test results, and treatments. In this study, EHRs provide patient
demographics, clinical and microbiological data.

5. Regional Referral Hospitals (RRH): Tertiary healthcare facilities that provide specialized services
to a specific geographic area. These hospitals serve as key data sources in this study for tracking
antibiotic resistance patterns.

6. Antibiotic Stewardship: Coordinated interventions and programs aimed at optimizing the use of
antibiotics to improve patient outcomes and reduce AMR. Effective stewardship programs promote
appropriate antibiotic selection, dosing, and duration.

7. Artificial Intelligence: These are the broader concept of creating machines or systems that can
perform tasks that typically require human intelligence, such as problem-solving, decision-making,
language understanding, and more.

8. Machine Learning: A subset of Al that focuses specifically on developing algorithms and models
that allow machines to learn from data. Instead of being explicitly programmed, ML systems
improve their performance over time by recognizing patterns and making predictions or decisions
based on the data they process.

9. Microbiological Data: Data derived from laboratory tests that analyze microorganisms (e.g.,
bacteria, viruses, fungi) and their characteristics.

10. Clinical Data: Data related to the patient's health status, medical history, and treatment.
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ABSTRACT

Introduction

In low- and middle-income countries like Uganda, there is growing reliance on empirical prescription
of broad-spectrum antibiotics which, while targeting a wide range of pathogens, contributes to the
development of resistance to common pathogens such as E. coli. This challenge is compounded by the
poor selection of antibiotic panels in many laboratories, which often fail to reflect local resistance
patterns and patient-specific factors, leading to inefficient use of scarce resources and delayed

appropriate treatment.

Objectives of the study

The objectives of this study were to; 1) identify risk factors for drug resistant E. coli infections using
machine learning techniques; 2) evaluate the performance of different machine learning models in
predicting the likelihood of drug resistance among patients with E. coli infections using demographic,
clinical and microbiological data; and 3) develop a web-based interface to support proper antibiotic

prescription and targeted antimicrobial decision-making.

Methodology

A retrospective analysis was conducted on 1,552 records of patients diagnosed with E. coli infections
in 10 tertiary healthcare facilities in Uganda. These records were analyzed using machine learning
models including Lightgbm, xgboost, random forest, gradient boosting, and decision trees. Feature
selection was guided by a weighted importance score and frequency count framework. The best-

performing model was deployed in a streamlit-based web interface.

Results

Key predictors of resistance included antibiotic type, patient age, hospital site, specimen type, prior
antibiotic use, and hospitalization history. XGboost emerged as the top-performing models for
prediction of drug resistance, with an accuracy of 82.32%, a precision of 82.36%, recall of 85.37%, F1
score of 83.84%, and ROC AUC of 90.17%. The web-based interface was implemented using python
streamlit technology, intergrated with the best performing model to enable real-time resistance

prediction.

Conclusion
This study demonstrates the potential of machine learning to transform antimicrobial resistance

surveillance and clinical decision-making in resource-limited settings.
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CHAPTER 1: INTRODUCTION AND BACKGROUND

1.1 Introduction

The last century has witnessed a significant increase in life expectancy, largely due to the introduction
of effective antimicrobial treatments for infectious diseases (Rosini et al., 2020). However, the
emergence and rapid spread of drug resistant pathogens in recent years has complicated the management
of these infections, posing one of the most pressing global health challenges today, Antimicrobial
Resistance (AMR)(Maclntyre & Bui, 2017, Ayukekbong et al., 2017). AMR occurs when
microorganisms such as bacteria, viruses, fungi, or protozoa evolve to resist the effects of antimicrobial
agents, rendering previously effective treatments ineffective (Tang et al., 2023). Without intervention,
AMR could lead to up to 10 million deaths annually and US$ 1 trillion additional healthcare costs
globally by 2050 (Naghavi et al., 2024).

In Low- and Middle-Income Countries (LMICs), the inability to rapidly identify a specific pathogen at
the point of care worsens the problem. (McEwen & Collignon, 2018). This diagnostic gap often results
into empirical use of broad-spectrum antibiotics which, while targeting a wide range of pathogens,
inadvertently contributes to the development of AMR (Mayito et al., 2024; Panda, 2025). Among the
most concerning pathogens is Escherichia coli (E. coli), a common gram-negative bacterium, naturally
residing in the lower intestinal tract of warm-blooded animals, including humans (Pokharel et al., 2023).
E. coli is a major cause of diarrheal diseases, urinary tract infections (UTIs), bloodstream infections
leading to sepsis and other invasive conditions such as neonatal meningitis, intra-abdominal infections,
and wound infections (Feng et al., 2022). Of particular concern is the emergence of drug-resistant E.
coli strains, which exhibit resistance to one or more antibiotics, limiting treatment options and

increasing the risk of persistent infections, therapeutic failure, and further complications.

In Uganda, drug resistant E.coli is driven by inappropriate antibiotic use mainly due to over-the-counter
dispensing and empirical prescribing without laboratory confirmation (Jackson et al., 2013). This is
comfirmed by research that shows 41% of the antibiotic dispensed over the counter in Uganda are issued
without a prescription (Bonniface et al., 2021). Even when prescriptions are made in outpatient settings,
they are often provided without laboratory confirmation, and empirical use of broad-spectrum
antibiotics is common due to delayed antimicrobial susceptibility testing (AST) results (Okello et al.,

2020).

This study addresses these challenges by proposing a machine learning based predictive model that

leverages demographic, clinical, and microbiological data to predict probability of E.coli drug
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resistance in a patient sample. This tool could guide clinicians in selecting appropriate antibiotics during
the waiting period, recommend targeted ASTs that prioritize the most promising antibiotics and

ultimately improve patient outcomes and antibiotic stewardship in resource-constrained environments.

1.2 Background

Globally, drug resistant E. coli infections account for a substantial proportion of antimicrobial resistance
(AMR)-related morbidity and mortality(Daneman et al., 2023). Recent estimates from a global
collaboration, which analysed data from systematic literature reviews, healthcare systems and
surveillance programs, indicate that in 2019 there was 4.95 million deaths associated with AMR
including 1.27 million deaths directly attributed to AMR (Daneman et al., 2023). Among these, E.coli
was the leading pathogen, responsible for approximately 829,000 AMR associated deaths and 219,000
AMR attributable deaths (Daneman et al., 2023). The problem is particularly severe in LMICs where
drug resistant E.coli shows high prevalence (Mayito et al., 2024; Nkansa-Gyamfi et al., 2019). Drug
resistant E.coli infections are associated with increased 30-day and all-cause mortality compared to
susceptible infections(MacKinnon et al., 2020). This is intensified by the diagnosis and treatment
challenges in this context such as limited access to rapid diagnostic tools and a shortage of second and
third-line antibiotics (MacKinnon et al., 2020). The widespread misuse of antibiotics, whether through
inappropriate prescriptions, unregulated use in agriculture, or incomplete adherence to treatment
regimens, has accelerated the development and spread of drug resistant E.coli in this region (Samy et

al., 2022).

Research consistently identifies several key risk factors for drug-resistant E.coli infections. Prior
antibiotic use emerges as the most significant predictor, with odds ratios ranging from 1.51 to 21.4
across different populations (Hu et al., 2020; Larramendy et al., 2020; Mitrani-Gold et al., 2023).
Previous hospitalization substantially increases risk for hospital-acquired infections (Larramendy et al.,
2020). In a study done across all US census regions, age was identified as an independent risk factor
for patients having E. coli isolates (Mitrani-Gold et al., 2023). Geographical location in form of travel

to high-risk regions significantly increases fecal carriage of drug-resistant E. coli (Hu et al., 2020).

Current approaches to managing these infections rely heavily on rapid diagnostic tools which are often
unavailable in health care centers in LMICs (Feng et al., 2022). In this setting, the commonly used
antimicrobial susceptibility tests (AST) may take several hours or sometimes days to have test results
available (Feng et al., 2022; Segawa et al., 2020). This forces clinicians to resort to using broad-
spectrum antibiotics for patient management, which are designed to target a wide array of gram-negative
and gram-positive bacteria (Kapisi et al., 2023; Okello et al., 2020). Although these strategies aim to
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address the potential susceptibility of multiple pathogens and provide timely treatment to patients, it

often leads to the unintended consequences of drug resistance and increased risk of treatment failure.

In response to this growing threat, the country implemented a national AMR surveillance plan aligned
with the Global Antimicrobial Surveillance System (GLASS). As part of this initiative, AMR
laboratories were established at regional referral hospitals (RRHs) to expand access to antimicrobial
susceptibility testing (AST) and strengthen national surveillance capacity (Nabadda et al., 2021). The
primary purpose of these laboratories was to enable the execution of AST. However, RRHs in Uganda
face unique challenges. As referral centers for large populations across multiple districts, they often
experience significant delays, sometimes taking up to several days to receive AST results (Nabadda et
al., 2021). During this waiting period, clinicians are forced to rely on empirical treatment with broad-

spectrum antibiotics, which increases the risk of further resistance development.

With the adoption of Electronic Health Records (EHRs) and laboratory surveillance systems in Uganda,
vast amounts of data including demographic data, clinical data and microbiological data are being
collected at the points of care (Nadimpalli et al., 2018). However, this data continues to be underutilized
due to challenges such as lack of integrated data systems, limited technical capacity for advanced
analytics, and absence of decision-support tools that translate raw data into actionable insights (Hope
et al., 2024; Kiggundu et al., 2023; Nsubuga et al., 2024). This gap limits optimized antibiotic
prescribing and highlights the need for machine learning to predict E. coli resistance before AST results

are available (Nsubuga et al., 2024).

Machine learning (ML) offers a promising approach to analyzing this data, identifying patterns, and
reliably predicting probability of drug resistance in patients with E.coli infections (Sakagianni et al.,
2023). By leveraging existing EHR and laboratory data at Regional Referral Hospitals (RRH) and
tertiary institutions, ML models such as random forests, gradient boosting classifier, extreme gradient
boosting (xgboost) and light gradient boosting machine ( Lightgbm) can generate actionable insights to
inform treatment regimens, support clinical decision-making, and influence policy interventions in
Uganda (Gurung et al., 2024; Nedungadi et al., 2024). By integrating machine learning into clinical
practice, healthcare providers can identify high-risk patients early, tailor treatments to specific

resistance profiles, and reduce reliance on empirical therapy.

This approach aligns with several Sustainable Development Goals (SDGs), particularly SDG 3 (Good
Health and Well-being) and SDG 9 (Industry, Innovation, and Infrastructure) (Gurung et al., 2024;
Nedungadi et al., 2024). This alignment highlights the broader impact of integrating Al-driven tools

into healthcare contributing to global efforts toward sustainable health and innovation.
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CHAPTER 2: LITERATURE REVIEW

This literature review explores the current knowledge on drug resistant E. coli, focusing on its
prevalence in Uganda and other low- and middle-income countries (LMICs). It also examines the
economic burden of drug-resistant infections, key risk factors contributing to resistance, and the
potential of machine learning in predicting these infections. By synthesizing existing research, this
section aims to provide a foundation for developing predictive models and context-specific strategies

to combat drug resistant E. coli in resource-limited settings.

2.1 Prevalence and Impact of Drug Resistant E. Coli

Understanding the prevalence of drug-resistant Escherichia coli (E. coli) provides a foundation for
addressing the problem and proposing effective solutions. Although documentation of drug-resistant E.
coli in Uganda remains limited, studies from similar low- and middle-income countries (LMICs) offer

valuable insights into its growing burden.

Globally, the rate of drug-resistant E. coli infections is rising faster than the development of new
antimicrobials, leading to a shortage of effective treatment options (Martens & Demain, 2017) . This
trend is particularly concerning in resource-limited settings, where treatment options are already
constrained (M. M. Walker et al., 2022). Several studies have highlighted the high prevalence of drug-
resistant E.coli. In Central India, 94% of 710 women attending antenatal clinics carried resistant strains,
with multidrug resistance linked to factors such as education level and recent antibiotic use (Pathak et
al., 2013). Similarly, in Nigeria, 88.67% of E. coli isolates from pregnant women showed resistance to
cephalosporins (Bello et al., 2021). In Ethiopia, a meta-analysis reported an overall E. coli resistance
rate of 45.38%, with the highest resistance observed against ampicillin (83.81%) and amoxicillin
(75.79%) (Tuem et al., 2018). A multi-country study across Africa and South Asia found that 65% of
E. coli isolates from children were resistant to three or more drug classes, with resistance patterns

varying by geographic location and antimicrobial usage (Ingle et al., 2018).

Some studies have documented the prevalence of drug resistant E. coli in Uganda, emphasizing its
growing burden. A study on carbapenem resistance profiles of pathogenic E. coli in Uganda, which
examined 421 isolates, found that 100% of them were drug resistant (Ssekatawa et al., 2021). Another
study identified E. coli as one of the most common pathogens in the gastrointestinal tracts of patients
visiting outpatient clinics in Kampala and two rural districts. High resistance rates were observed for
commonly used antibiotics such as ampicillin and cotrimoxazole (Najjuka et al., 2016). A cross-

sectional study at Mbarara Regional Referral Hospital (MRRH), conducted from September 2013 to
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June 2014, investigated drug resistant bacterial strains in hospitalized patients. Out of 658 bacterial
isolates, 183 (27.8%) were classified as drug resistant, with E. coli accounting for 54.1% of these cases
(Ampaire et al., 2015). These findings highlight the significant burden of drug resistant E. coli in health
care centers in LMICs such as Uganda and emphasizes how these healthcare settings in act as amplifiers

for drug resistant E. coli, necessitating data driven interventions.

2.2. Economic Burden and Need for Early Detection

The economic impact of treating drug resistant infections is substantial. Patients with drug resistant
infections face significantly higher hospitalization costs compared to those with non-resistant
infections. This is due to the long hospital stays and the heightened cost of second- and third-line

medications (Hernandez-Pastor et al., 2023).

A recent study conducted by the Infectious Diseases Institute across nine regional referral hospitals and
one tertiary institution, the same sites from which data for this research was obtained revealed that
Uganda loses approximately UGX 64 billion (USD 17.7 million) annually due to the wide-ranging costs
associated with antimicrobial resistance (AMR). Of this, over USD 12 million is attributed to direct
health system costs, including prolonged hospital stays, treatment expenses, and personnel time.
Additional losses include USD 4 million in informal care costs and USD 1.4 million in productivity

losses due to prolonged illness and premature deaths (Nuwamanya et al., 2025).

Despite the substantial economic burden of drug-resistant infections, valuable data collected at regional
referral hospitals remains largely underutilized. This lack of data-driven insights limits the ability of
policymakers to quantify the true cost of AMR and evaluate the effectiveness of interventions. Without
actionable evidence, health systems struggle to justify investments in advanced solutions such as

machine learning tools for early detection and targeted surveillance.

A recommendation from the Mbarara RRH study emphasized the need for preventative strategies, such
as improved hand hygiene, use of machine learning tools for early detection and targeted surveillance,
to curb the spread of drug resistant E. coli (Ampaire et al., 2015). Given these findings, utilizing
machine learning to predict drug resistant E. coli based on clinical, demographic and microbiological

information presents an opportunity for early detection and better management.

2.3 Risk Factors for Drug Resistant E.coli
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The rise in drug resistance in E. coli is driven by several factors, including improper use of antimicrobial
drugs, incomplete adherence to prescribed treatments, and the widespread use of broad-spectrum
antibiotics in healthcare and agriculture (Tang et al., 2023). Studies show antibiotic dispensing without
prescription is a widespread issue in sub-saharan Africa, with rates as high as 100% in some countries
(Sono et al., 2023). Studies on antibiotic prescription practices in Mbarara district highlight this
challenge, where clinicians frequently prescribe antibiotics without confirmed diagnostic evidence,
worsening resistance trend (Nkansa-Gyamfi et al., 2019; Okello et al., 2020). A meta-analysis found
that 69% of antibiotic requests at community drug retail outlets resulted in non-prescription dispensing
(Belachew et al., 2021). Patient pressure and failing health systems influence prescription practices,

while self-medication is prevalent (Eibs et al., 2020).

In Uganda, one of the primary drivers of antimicrobial resistance is the unregulated, over-the-counter
sale of antibiotics without a doctor's prescription, leading to widespread misuse (Ayukekbong et al.,
2017). Key drivers include high healthcare costs, convenience, patient demands, and weak
enforcement(Sono et al., 2023). Studies have also shown that many drugs dispensed in the region are
of questionable quality, further accelerating the development of antibiotic resistance (Basco, 2004). Due
to financial constraints, many individuals in low-resource settings seek treatment from traditional
healers who provide herbal mixtures of uncertain effectiveness for bacterial infections (“Self-
Medication in Rural Africa: The Nigerian Experience,” 2012). Additionally, poor adherence to
prescribed treatments is common, with patients often sharing antibiotics, discontinuing medication
prematurely, or supplementing prescribed drugs with herbal mixtures believed to enhance efficacy

(Misau et al., 2023).

The limited laboratory capacity for antimicrobial susceptibility testing (AST) in many health centers
forces clinicians to prescribe antibiotics empirically, often before receiving test results, out of concern
for patient mortality. This practice, while intended to provide immediate care, carries significant risks
patients may be placed on antibiotics to which the infecting organism is resistant, leading to treatment
failure, prolonged illness, and increased risk of complications (Denny et al., 2016). Delays in laboratory
testing not only compromise individual patient outcomes but also contribute to the broader spread of
resistant infections, as ineffective treatment allows resistant strains to persist and potentially transmit
within healthcare settings and communities. In such contexts, the lack of timely diagnostic support

undermines antibiotic stewardship efforts and exacerbates the burden of antimicrobial resistance.

Beyond human healthcare, antimicrobials are extensively used in agriculture, particularly in livestock
farming, where they are employed for growth promotion, disease prevention and treatment. The overuse
of antibiotics in animal husbandry, or as additives in farming, such as in mulching or spraying crops.

also contributes to the emergence of drug resistant strains, which can be transmitted to humans through
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the food chain, raising significant public health concerns (Naghavi et al., 2024; Richter et al., 2021). In
Nepal, a study by Ansari et al revealed that prolonged exposure to low doses of potent antibiotics is a
significant risk factor for resistance (Ansari et al., 2015). With limited awareness about antimicrobial

resistance in the region, this crisis continues to escalate, requiring urgent intervention.

2.4. Machine Learning for Prediction of drug Resistance.

In high income countries, rapid diagnostic tests (RDTs) have emerged as valuable tools in combating
antimicrobial resistance (AMR) across various regions. These tests enable quick and accurate
identification of drug-resistant pathogens, facilitating timely treatment decisions and improved clinical
outcomes. Despite their potential, LMICs often lack the financial resources to implement such rapid
testing on a large scale. (Hur et al., 2024; Nair et al., 2016; Tseng et al., 2017). As a result, drug
resistance surveillance in this region remains limited, with delayed diagnoses and increased risk of

spread of drug resistant pathogens.

To address this gap, Uganda developed the National Action Plan (NAP) on Antimicrobial Resistance
(2024/25-2028/29), aligned with the WHO Global Action Plan on AMR. The NAP outlines strategic
interventions to combat drug-resistant infections through a One Health approach, which integrates
human, animal, and environmental health. Among its key strategies is the establishment of sentinel
surveillance sites, AMR laboratories at tertiary institutions to expand access to antimicrobial
susceptibility testing (AST). These laboratories are also tasked with collecting essential resistance data
to inform national policy and guide clinical decision-making. However, the data collected through
Uganda’s AMR surveillance systems is rarely analyzed to identify resistance patterns, potential
hotspots, or emerging trends that could inform early interventions, largely due to challenges such as
poor data quality, limited digitalization of tools, and inadequate financial and human resources
(Kiggundu et al., 2023; Mayito et al., 2024). This underutilization limits the potential of surveillance
efforts to guide timely and targeted responses. Compounding this issue is the delay associated with
traditional antimicrobial susceptibility testing (AST), which typically requires 24—48 hours to yield
results. These delays force clinicians to initiate empirical antibiotic treatment without confirmed
resistance profiles, increasing the likelihood of ineffective therapy and accelerating the spread of

resistant strains within healthcare settings and communities.

In the past, machine learning has shown great potential in high income countries, predicting drug
resistance by leveraging clinical, demographic, and microbiological data (Kherabi et al., 2024;
Valavarasu et al., 2025). Machine learning models are computational algorithms that learn patterns from

data to make predictions or decisions without being explicitly programmed. These models are trained
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on datasets containing features (e.g., demographic data, medical history, clinical findings, and
laboratory results) and corresponding labels (e.g., resistance profiles) (Singh* & Mukherjee, 2022). The
training process involves optimizing the model's parameters to minimize prediction errors. Once
trained, the model can be evaluated on unseen data to assess its performance using metrics such as
accuracy (the proportion of all patient cases (both resistant and non-resistant) that the model correctly
predicts), precision (among all patients predicted to have drug-resistant E. coli, how many actually have
resistance), recall (among all patients who truly have drug-resistant E. coli, how many did the model
correctly identify), F1 score (the balance between precision and recall for predicting resistance) and
area under the Receiver Operating Characteristic curve (AUC-ROC) (measures how well the model

distinguishes between resistant and non-resistant infections across all decision thresholds) (Raj, 2019).

Various machine learning algorithms have been successfully applied to predict antimicrobial resistance
(AMR), including ensemble methods such as random forests, gradient boosting, xgboost, and
Lightgbm. random forests is an ensemble learning technique that builds multiple decision trees and
aggregates their outputs to improve prediction accuracy and reduce overfitting. It is particularly
effective in handling high-dimensional data and capturing complex interactions between features,
making it suitable for modelling resistance patterns. (Talekar, 2020). gradient boosting builds models
sequentially, where each new model corrects the errors of the previous one. This approach enhances
performance by focusing on difficult-to-predict cases, which is valuable in datasets with subtle
resistance signals (Varghese & K.J., 2024). xgboost (Extreme gradient boosting) is an optimized
implementation of gradient boosting that includes regularization techniques to prevent overfitting and
improve generalization. It is known for its speed and accuracy, especially in structured data tasks like
AMR prediction (Shrivastava et al., 2024). Lightgbm, another gradient boosting framework, is designed
for efficiency and scalability (Ke et al., 2017).

ML models implemented in the past were trained on labeled data so that the algorithms learns to map
input features (predictors) to the target variable (e.g., resistance status). The dataset is typically split
into training and validation sets to ensure the model generalizes well to unseen data (Vermeulen, 2020).
Hyperparameters (e.g., learning rate, number of trees in a random forest) are optimized using techniques
like grid search or random search to improve model performance (Bergstra et al., 2015). Integrating
ML-based prediction into hospital information systems can enable real-time decision support, assisting
clinicians in selecting appropriate antibiotics while minimizing unnecessary broad-spectrum use. This
approach is particularly helpful in resource-limited settings, where laboratory infrastructure is often
inadequate for routine AST. By harnessing ML for drug resistant E. coli prediction, healthcare systems
can improve patient outcomes, reduce healthcare costs, and enhance antimicrobial stewardship

programs (Hur et al., 2024; Tseng et al., 2017).
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While AST remains the gold standard for profiling antimicrobial resistance (AMR) in Uganda’s clinical
settings, machine learning models have demonstrated the potential to complement these traditional
methods by providing highly reliable resistance predictions in significantly shorter turnaround times
(Babirye et al., 2024). These predictive tools can guide initial treatment decisions, prioritize samples
for AST, and optimize the use of limited laboratory resources thereby enhancing the overall efficiency
and impact of AMR surveillance and stewardship efforts . A scoping review on the use of machine
learning algorithms for AMR prediction suggests that effective models require inputs such as
demographic data, medical history, clinical findings, laboratory AST results. (Moran et al., 2020;
Sakagianni et al., 2023). These datasets are processed using machine learning techniques to predict
antimicrobial resistance and provide guidance on empirical antibiotic therapy. By leveraging machine
learning for AMR prediction, Uganda could enhance antimicrobial stewardship, optimize treatment

strategies, and reduce the burden of drug-resistant infections despite existing resource limitations.

2.5 Conclusion

The reviewed literature highlights the growing burden of drug-resistant E.coli infections globally and
in Uganda, with significant clinical and economic implications. While studies have documented
prevalence, risk factors, and the economic impact of antimicrobial resistance (AMR), several gaps
remain. Most existing research in Uganda focuses on descriptive epidemiology and prevalence
estimates, with limited emphasis on predictive analytics or early detection strategies.(Hope et al., 2024;
Kiggundu et al., 2023). Despite the establishment of AMR surveillance systems and laboratories, data
utilization for actionable insights remains minimal due to challenges in digitalization, resource
constraints, and analytical capacity (Kiggundu et al., 2023; Mayito et al., 2024; Nabadda et al., 2021).
Although machine learning has demonstrated success in predicting resistance in high-income settings,
its application in low-resource contexts like Uganda is scarce, particularly using locally relevant data
that includes both GLASS and non-GLASS specimen types (Babirye et al., 2024; Nsubuga et al., 2024).
These gaps highlight the need for context-specific predictive models that leverage routine demographic,
clinical, and microbiological data to support timely decision-making and strengthen antimicrobial

stewardship in Uganda.
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CHAPTER 3: STATEMENT OF THE PROBLEM,
JUSTIFICATION, CONCEPTUAL FRAMEWORK

3.1 Statement of the Problem

In Uganda’s tertiary healthcare settings, the diagnosis of drug-resistant E. coli is hindered by the delayed
turnaround time of traditional antimicrobial susceptibility testing (AST), often taking several days
(Segawa et al., 2020). During this waiting period, clinicians are compelled to initiate empirical antibiotic
treatment, which may be ineffective if the patient harbours resistant strains leading to deterioration and
increased risk of complications (Zhu et al., 2021). Ivan Segawa et al. (2020) found that in Ugandan
health centers, AST was requested in only 4% of cases and performed in just 2.1% of patient files, with
an AST turnaround time of 5 days (Segawa et al., 2020). A machine learning model that predicts the
likelihood of drug resistance in patients with E. coli infections could help clinicians select antibiotics

with a high probability of effectiveness while awaiting AST results.

Although, ASTis guided by national protocols that specify which reagents and antibiotic discs should
be used for samples with E.coli growth (Andretta et al., 2024). While these guidelines provide a
standardized approach, the core challenge lies in the poor selection of antibiotic panels for testing
(Jorgensen, 1993). These panels often fail to reflect local resistance patterns, specimen variability, and
patient profiles, resulting in the use of scarce laboratory reagents and antibiotic discs on ineffective
options. This mismatch often leads to the use of scarce laboratory reagents and antibiotic discs on
ineffective options, causing resource wastage and delaying appropriate treatment (Stalteri Mastrangelo
et al., 2021). A data-driven tool that identifies alternative antibiotics with a high probability of
effectiveness could assist laboratory technicians in prioritizing these options during AST, thereby

conserving limited resources.

Existing studies on use of machine learning tools to predict drug resistant E. coli have primarily used
similar data in high-income countries, where it has been successful in guiding priority testing and
targeted treatment (Kherabi et al., 2024; Valavarasu et al., 2025). However, these studies have largely
focused on GLASS priority specimen types (e.g., urine, blood, stool, urogenital, and cerebrospinal
fluid), overlooking the non-GLASS priority specimen types such as pus and tracheal aspirates. The
studies were done on data collected from adult populations (over 18 years), leaving significant gaps in

representation of the Ugandan context. Uganda being a low income country with over 50% of her
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population under 18 years old, these existing studies do not adequately reflect the realities of drug

resistant E. coli in Uganda (Uganda Bureau of Statistics, 2024; R. A. Walker et al., 2019).

This research therefore aims to address these gaps by developing a predictive model for drug resistant
E. coli infections in persons aged 0 years - 100 years, using demographic, clinical and microbiological
data collected in 9 RRHs and 1 tertiary health care institution in Uganda. By incorporating both GLASS
and non-GLASS specimens, the project seeks to provide a more comprehensive understanding of drug
resistant E. coli patterns. The findings will help identify priority groups and high-risk areas within
Uganda’s tertiary healthcare institutions, guiding targeted interventions that can reduce drug resistance-

related mortality and improve overall patient outcomes.

3.2 Justification

In the past, traditional methods such as clinical assessments and epidemiological surveys were used to
identify risk factors for drug resistant E. coli infections. While these approaches provided valuable
insights, they lacked the accuracy and context specificity needed for Uganda, which has a distinct
population dynamic, healthcare infrastructure, and disease burden. This study moves beyond traditional
approaches by applying machine learning (ML) to analyze routine surveillance data from Uganda’s
tertiary institutions. These ML techniques will enable a more precise, data-driven identification of risk
factors for drug resistant E. coli, tailored to the unique Ugandan population and healthcare context.
These identified risk factors are expected to directly influence healthcare decisions, enabling clinicians
to more effectively prioritize patients for targeted testing and treatments, thus improving patient

outcomes and minimizing the misuse of broad-spectrum antibiotics.

Furthermore, this predictive tool will provide evidence-based insights that could inform national
policies and AMR stewardship programs, promoting more efficient resource allocation and strategic
interventions within the Ugandan healthcare system. By improving the accuracy of drug resistant E.
coli predictions and enabling timely clinical interventions, this research will have a significant impact
on the SDG 3 (Good Health and Well-being) by reducing mortality from infectious diseases and SDG
9 (Industry, Innovation, and Infrastructure) by leveraging innovation in machine learning to enhance

healthcare infrastructure and services in Uganda.

In conclusion, this study represents a necessary step in advancing both clinical practice and health policy
in Uganda. Incorporating machine learning to identify and predict drug resistant E. coli infections, this
research will strengthen AMR surveillance, and contribute to health policy reforms aimed at combating

antimicrobial resistance.
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CHAPTER 4: QUESTIONS/ STUDY OBJECTIVES

4.1. Research Questions

How can machine learning identify key risk factors for drug resistance in E. coli infections using
demographic, clinical and microbiological data ?

Which machine learning models demonstrates the highest performance in predicting likelihood of
drug resistance in patients with E. coli infections based on demographic, clinical and
microbialogical data?

How can a web-based interface be developed to predict the likelihood of drug resistance in patients
with E. coli infections using machine learning techniques on demographic, clinical, and

microbiological data?

4.2 General Objective

To enhance the identification of drug resistance patterns among patients with Escherichia coli infections

using patient demographic, clinical, and microbiological data.

4.3 Specific objectives

1.

To determine risk factors for drug resistance in patients with E-Coli Infections using machine
learning methods on demographic, clinical and microbiological data.

To evaluate the performance of different machine learning models in predicting the likelihood of
drug resistance among patients with E. coli infections based on demographic, clinical and
microbiological data.

To develop a web-based interface for prediction of likelihood of drug resistance in patients with E.
coli infections using machine learning techniques on demographic, clinical and microbiological

data.
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CHAPTER 5: METHODOLOGY

In this chapter, I outline the detailed methodical approaches used to achieve the study objectives
mentioned above. This includes a description of the study setting, the design approach adopted, the
target population, and criteria for selecting study participants. I also describe the methods used to collect
relevant data, along with the machine learning tools and techniques applied to analyze the data and

obtain the study results.

5.1 Study design

This was a retrospective study of routine laboratory-based surveillance data collected between October
2020 and March 2023. This time frame of October 2020 to March 2023 was chosen because it
corresponds to the period during which routine AMR surveillance data was consistently collected across
all sentinel sites under Uganda’s National Action Plan on AMR. This ensured completeness,

comparability, and reliability of data for analysis

5.2 Study area

This study used data from ten tertiary healthcare facilities, comprising nine regional referral hospitals
and one tertiary health care institution, located within Uganda. These sites included Jinja Regional
Referral Hospital, Department of Medical Microbiology Mbarara University of Science and
Technology, Mbarara Regional Referral Hospital, Kabale Regional Referral Hospital, Mbale Regional
Referral Hospital, Arua Regional Referral Hospital, Lira Regional Referral Hospital, Gulu Regional
Referral Hospital, Masaka Regional Referral Hospital and Soroti Regional Referral Hospital. These
facilities were chosen as they provided a representative sample of Uganda’s regional healthcare

landscape.
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5.3 Study Population

The study population consisted of patients who visited the study sites and had cultured samples that
demonstrated the growth of pathogens during the study period. It includes both male and female patients
aged 0 to 100 years. This study analyzed demographic, clinical, and microbiological data associated
with their drug susceptibility test results from blood, cerebrospinal fluid (CSF), urine, pus, and tracheal

aspirate specimens cultured during the study period.

5.4 Inclusion and exclusion criteria

5.1.1. Inclusion criteria

i.  All patients, both male and female, aged 0 years - 100 years whose samples were collected and
cultured at any of the study sites.

5.1.2.  Exclusion criteria

i.  Patients with more than 80% missingness in the required fields of the data.

5.5 Data description

This study analyzed retrospective data collected by qualified clinical and laboratory teams at all
surveillance sites. This dataset encompassed both GLASS priority specimens (urine, blood, stool,
urogenital, and cerebrospinal fluid [CSF]) and non-GLASS specimens, such as pus and tracheal
aspirates (Mayito et al., 2024). The data was accessed through Uganda’s AMR Data warehouse
(https://amrdb.idi.co.ug/). A formal request was submitted together with the study concept and School

of Public Health Research Ethics Committee ( REC) approval. Upon review and clearance, the relevant
dataset was provided for analysis. This process ensured compliance with ethical and institutional

requirements.

The original dataset contained results from 20,063 patients and 84 variables, including 64 antibiotic
susceptibility test (AST) results. After filtering for the target pathogen, Escherichia coli, the wide format
dataset was reduced to 1,552 patients. This dataset was then reshaped into a long format ( a data
structure where each row represents a single observation) based on the antibiotics, enabling each row
to represent a unique antimicrobial exposure per patient sample. This structure allowed for more
granular analysis of antibiotic usage patterns and antimicrobial susceptibility test outcomes (Haredasht
et al., 2025). This resulted into a data frame of 10,181 rows containing a unique observation of the

sample’s interaction with an antibiotic.
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The data columns in the resultant dataset captured a wide range of information including patient ID (a
unique identifier assigned to each patient), Lab ( the health facility where the sample was collected and
processed), Specimen number (unique code assigned to each laboratory specimen), Specimen type (the
biological material collected for testing), Sex ( gender of the patient) , Age (the patient’s age in complete
years at the time of sample collection) , Department (the hospital ward or unit where the patient was
admitted), Hospitalization for more than 48 hours, Collection date (the date on which the specimen was
collected), Transferred from another facility (whether the patient was referred from another health
facility), Prior Antibiotic Therapy (whether the patient had been exposed to antibiotics before sample
collection), Duration on antibiotics (the number of days the patient had been on antibiotics prior to
sample collection), Date of Admission (the date the patient was admitted to the hospital), Diagnosis
(the clinical diagnosis recorded at the time of admission or sample collection) and antimicrobial
susceptibility tests across different antibiotics for each patient. The structure of the resultant dataset

which was used for analysis in this study is as shown below.

tibble [10,181 x 18] (53: tbl df/tb'l/data frame)

$ ID chr [1:10181] "ARU-000-8-FL" "ARU-000-8-FL" "ARU-000-8-FL" "ARU-00-13-FL"
S Lab :num [1:10181] 0000000000 ...

$ Organism : chr [1:10181] "Escherichia coli" "Escherichia coli" "Escherichia coli"
"Escherichia coli" ...

$ Sex oche L0181 | ma” "% e 1" ...

$ Age : num [1:10181] 10 10 10 18 18 18 38 38 38 38 ...

$ Department : chr [1:10181] NA NA NA "Out Patient Department" ...

$ Collectiondate : chr [1:10181] "01/12/2020" "01/12/2020" "01/12/2020" "07/10/2020"

$ Specimentype :num [1:10181] 1110000000 ...

$ Comment : chr [1:10181] NA NA NA NA ...

$ Hospitalizedd48hrs :num [1:10181] 2220001111

§ Transferredfromanother facﬂn: num [1:10181] 2220000000

$ Priorantibiotictherapy ¢ num [1:10181] 2220001111 :s:

$ Durationofantibioticsindays : num [1:10181] 0000000000 ...

$ AdmissionStatus : num [1:101811 0000000000 ...

b3 D1agnos1s chr [1:10181] "skin and Soft Tissue:" "Skin and Soft Tissue:" "Skin and Soft
Tissue:" "Completely Unknown Ind1cat1on s

$ Antibiotic_Code : chr (1:10181] A’-!C \IDZO" CIP NDS" "SXT_ND12" "CIP_NDS"

§ Resistance : chr [1:10181] ' PR B

$ AST_Result : num [1:10181] 0 0 1 0 0 011 1 1

[1] 10181

Figure 2: Screenshot of the tribble structure for the data used for prediction of drug resistance in patients with E.coli infections

5.7 Data Preprocessing

During data preprocessing, an outcome variable, Antimicrobial Susceptibility Testing (AST) Result
was created and dichotomized into resistant and non-resistant categories. Isolates classified as R
(resistant, where the antibiotic is unlikely to be effective and alternative treatment is required) were
coded as 1, indicating a high probability of treatment failure. Isolates classified as S (susceptible, where
the antibiotic is likely to be effective at standard doses) and I (intermediate, where the antibiotic may
be effective under specific conditions such as higher doses or targeted delivery) were coded as O,
indicating likelihood of the antibiotic being effective under standard dosing or specific conditions such
as higher dosing. This classification was in accordance with internationally recognized standards for

antimicrobial susceptibility testing, such as those provided by the European Committee on
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Antimicrobial Susceptibility Testing (European Committee on Antimicrobial Susceptibility Testing
(European Committee on Antimicrobial Susceptibility Testing (EUCAST), 2025). EUCAST clinical
minimum inhibitory concentration breakpoints categorize organisms as susceptible at both S and I, with
S indicating susceptibility at standard dosing and I indicating susceptibility at increased exposure
(European Committee on Antimicrobial Susceptibility Testing (European Committee on Antimicrobial
Susceptibility Testing (EUCAST), 2025). This binary coding facilitated predictive modeling while

maintaining clinical relevance and microbiological standards

Upon further inspection of the outcome variable, antimicrobial susceptibility test result, the value entry
'6' was identified as an outlier that did not correspond to any recognized antimicrobial susceptibility test
classifications ( S, I or R). Since it appeared only once in the dataset and lacked a clear interpretation,

it was excluded from the analysis to preserve data integrity and transparency.

Handling Missing Data

Missing values were addressed using imputation techniques tailored to the nature and distribution of
each variable. For numerical features, mean or median imputation was applied depending on the
skewness of the data. For categorical variables, mode imputation was used where appropriate. Variables
with excessive missingness were either imputed by prediction using suitable models or excluded from

the analysis due to their limited utility and potential to introduce bias.

Feature Selection and Reduction
Several variables were dropped based on redundancy, irrelevance, or data quality concerns:
e Day, Month, and Year were removed as they were already encapsulated within the Collection
Date variable.
e Department was dropped due to inconsistent and uncleanable entries, which would have
required re-verification with data collectors and hospital records.
e Organism was excluded as it was redundant; the dataset had already been filtered to include

only E. coli cases under the Organism variable.

Normalization and Encoding

To ensure that all features contributed proportionately to the model, categorical variables including sex,
hospitalization for more than 48 hours, transfer from another facility, antibiotic code, and specimen
type, were encoded using Label Encoding, which assigns a unique integer to each category. This method

was chosen for its simplicity and compatibility with tree-based models.
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5.6 Study variables

5.1.3.  Dependent variable/Outcome variable

The outcome variable is the presence of drug resistance in patients with E. coli infections.

5.1.4. Independent variables/Exposures

The independent variables include the patient sex, age in complete years, hospital ward, date of sample
collection along with the day and sample type. Additional variables include whether the patient was
hospitalized for more than 48 hours, whether they were transferred from another facility, if there was

prior antibiotic therapy, and the duration of antibiotic use in days if applicable.

5.8 Feature Engineering

Additional derived features were created to enrich the dataset and capture the antibiotics and outcome
variable. Admission status was defined based on the presence of an admission date in the patient record,
which reliably indicates that the patient was hospitalized. This variable was retained for its clinical
relevance, as hospitalization increases exposure to healthcare-associated infections and resistant
organisms. Therefore, using admission status was a justified approach during feature engineering,
ensuring that this important risk factor was not discarded simply due to incomplete discharge data.

Admission status had values such as yes, no, NA.

5.9 Feature Selection

To address the first objective, determining risk factors for drug resistance in patients with E-Coli
infections, a machine learning approach was applied to a long-format dataset derived from
microbiological, demographic, and clinical records. Four machine learning models, random forest,
gradient boosting, xgboost, and logistic regression were trained on this data to identify features most
predictive of resistance, using a binary outcome variable, antimicrobial susceptibility test result. These
models were selected to balance interpretability, predictive power, and the ability to capture complex
patterns in the data. logistic regression was included for its simplicity and transparency, offering easily

interpretable coefficients that help explain the influence of individual predictors (Chui & Chan, 2025).

Using a diverse set of algorithms enabled cross-validation of insights and a comparative analysis of
feature importance, helping to identify consistently predictive factors across different modeling
approaches. This triangulation strengthened the robustness and generalizability of the findings, ensuring
that conclusions were not model-dependent but reflected underlying data patterns (Veledar et al., 2025).

Feature selection was guided by the WISFC (Weighted Importance Score and Frequency Count)
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framework, a method that aggregates feature importance scores from random forest, gbm, xgboost, and
logistic regression, accounting for both the frequency of feature appearance and its average importance
(Veledar et al., 2025). The resulting WISFC scores provided a consensus-based ranking that supports

more reliable interpretation.

To explore the relationships between the key demographic, clinical, and microbiological variables and
the correlation matrix was plotted, showing the strength and direction of relationships between the
variables. The color scale ranges from -1 (strong negative correlation) to +1 (strong positive
correlation), with darker orange indicating stronger negative relationships and darker blue indicating
stronger positive ones. This analysis was performed to identify pairs of features with high linear
relationships. Variables exhibiting strong correlations (typically above a threshold such as 0.8) were
considered for removal to prevent redundancy and reduce the risk of multicollinearity, which can distort

model coefficients and impair interpretability.

5.10 Machine Learning Models

Five machine learning models were evaluated to predict drug resistance, including Decision Trees for
rule-based classification, random forests to enhance performance through ensemble learning, gradient
boosting for sequential error correction, xgboost for its optimized performance and feature importance
capabilities, and Lightgbm booster, which offers efficient training and scalability for large datasets.
These models were chosen for their ability to handle complex data structures, enabling a robust
comparison of predictive performance (Al Musyaffa et al., 2025; Chung et al., 2023; Halloran, 2009;
Pratiwi et al., 2024).

5.11 Model Training and Evaluation

The models were trained using 80% of the dataset, while the remaining 20% will be reserved for testing
to evaluate performance. The 80/20 split is a widely accepted standard in machine learning and
statistical modelling for training and testing datasets. It ensures that the model has sufficient data to
learn patterns while retaining a portion for unbiased evaluation (Gholamy et al., 2018). Model
performance was evaluated using multiple metrics, including accuracy (the proportion of correct
predictions out of all predictions made), precision (the proportion of true positive predictions among all
positive predictions, indicating how many predicted positives were actually correct), recall (the
proportion of true positives identified out of all actual positives, showing the model’s ability to capture
relevant cases), F1-score (the harmonic mean of precision and recall, providing a balanced measure

when both metrics are important). Additionally, the receiver operating characteristic (ROC) curve and
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area under the curve (AUC) utilized to assess the trade-off between sensitivity and specificity, with the
AUC serving as an indicator of overall model performance (Riyanto et al., 2023). A confusion matrix
was used to visually inspect the number of false positives, false negatives, true positives, and true

negatives (Canbek et al., 2021).

5.12 Model Evaluation and Selection

Each model was evaluated across a defined parameter grid, and the best-performing configuration was
selected based on the F1 score. The final models were then assessed on the test set using accuracy,

precision, recall, F1 score, and ROC AUC metrics. (Bergstra & Bengio, 2012).

5.13 Design and Implementation of the Web-Based Interface

To facilitate real-time prediction of drug resistance in patients with Escherichia coli infections, a web-
based interface was developed using Streamlit and Python, leveraging open-source technologies to
ensure flexibility, transparency, and scalability. This approach enables seamless integration with
existing health information systems and provides a foundation for incorporating advanced analytics,
including artificial intelligence (Al) and machine learning models. The tool is intended for use after
pathogen identification and before antimicrobial susceptibility testing (AST), providing clinicians with
timely preliminary insights during the waiting period for AST results. The use of Streamlit allowed for
rapid prototyping and deployment of an interactive, web-based tool that can be easily adapted to
different clinical settings. This aligns with global trends in digital health innovation as reported in
literature and supports the development of context-aware clinical decision-support systems (Fabrizzio

et al., 2023).

The best performing model was integrated into the interface capable of analyzing patient data and
predicting the likelihood of antimicrobial resistance. The design emphasized a clean, intuitive layout
for healthcare professionals with minimal technical background. Users can input clinical and
demographic variables, and the application returns a prediction along with confidence scores. The
interface is modular, allowing for future integration with hospital information systems or national AMR
surveillance platforms. The flowchart below illustrates the workflow of the web-based AMR prediction

interface.
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Figure 3: Flowchart of AMR Prediction Workflow from Data Entry to Resistance Prediction and other options

The process begins with the user entering patient demographic and clinical data, such as age, sex, prior
antibiotic use, hospitalization history, and specimen type, followed by submission. Once the data is
submitted, the system applies the best performing model to predict whether the patient’s sample is likely
resistant or likely not resistant to antibiotics. The prediction result is then displayed on the interface,
providing immediate feedback to the user. To enhance usability and support clinical decision-making,
the interface offers additional interactive features. Users can click to view a list of alternative antibiotics
that are likely to be effective based on the prediction outcome. Furthermore, the system provides an
option to display an explanation of how the prediction was derived, including confidence scores or
feature importance, promoting transparency and trust in the model. Finally, the workflow includes a
decision point where the user can choose to run another prediction or end the process, ensuring

flexibility and iterative use of the tool in clinical settings.

5.14 Ethical consideration
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This study adhered to ethical guidelines to ensure patient confidentiality, data security, and compliance
with legal and institutional regulations. Patient data was anonymized, securely stored, and accessed
only by authorized personnel. The School of Public Health Institutional Review Board (IRB) approval
was obtained. Measures were taken to minimize bias in data processing and model training, ensuring
fairness in predictions. The developed machine learning model can serve as a clinical decision-support

tool rather than a sole determinant in treatment or laboratory testing decisions.

5.15 Conceptual Framework

The conceptual framework illustrates the interaction between contextual factors, demographic, clinical
and microbiological factors and the antimicrobial resistance outcome ( Resistance or Non-Resistance)

in patients with E. coli infections.
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Figure 4. Conceptual Framewok illustrating the interaction of various variables and their influence on drug resistance outcome
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Resistance outcome ( Resistance or Non -resistance) to an antibiotic is largely dependent on 4 categories
of factors, contextual, demographic, clinical and microbiological factors. Contextual factors which
represent broader social and systemic influences that indirectly affect antimicrobial resistance include
poverty, which limits access to healthcare and promotes self-medication; Illiteracy reduces
understanding of proper antibiotic use; limited awareness which leads to misuse and overuse of
antibiotics; policy and resource constraints which affect laboratory capacity and timely diagnostics.
These factors influence clinical practices and patient-level exposures, creating conditions that increase
AMR risk. Demographic factors which are individual characteristics that may predispose patients to
resistant infections which include Age, Sex, and Location which provides insight into the age, gender
and geographical differences in resistance patterns. Clinical Factors are the variables related to patient
history and hospital experience which include Hospitalization for more than 48 hours, Prior antibiotic
therapy, Duration on antibiotics, Duration of infection, Organism strain, Transfer from another facility,
Diagnosis, Infection site. Microbiological Factors which include laboratory-related variables that
influence resistance outcomes like Specimen type (e.g., urine, blood, pus), Antibiotic tested during
AST. All these factors converge to predict the E. coli antimicrobial resistance outcome, which is the

dependent variable in the study.

5.16. Analytical Framework
The analytical framework outlines the process of developing a machine learning model for predicting

antimicrobial resistance in E. coli infections using demographic, clinical, and microbiological data
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Figure 5: An analytical framework for prediction of drug resistant E.coli

The independent variables include demographic, clinical, and microbiological factors. Demographic

factors such as age and sex provide essential patient characteristics that influence drug resistant risk.
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Clinical factors such as hospitalization history, prior antibiotic therapy, duration of antibiotic use, and
hospital ward, that might contribute to the likelihood of hosting drug resistant pathogens was included.
Microbiological factors such as the specimen type, antibiotic being tested and antimicrobial
susceptibility test (AST) results will also be included.To ensure high-quality data for analysis, pre-
processing step such as handling missing values, encoding categorical variables, normalizing
continuous features, and feature selection was applied. This approach optimized the dataset for machine
learning models, ensured that the dataset was clean and well structured. This involved handling missing
values, encoding categorical variables, normalizing continuous features, and selecting the most relevant

predictors using statistical techniques.

Various algorithms, including lightgbm booster classifier, random forest, gradient boosting and
xgboost, decision trees were trained and evaluated to predict the drug resistant status based on the
predictor variable entries. The best-performing model was selected based metrics such as accuracy,
precision, recall, Fl1-score, and AUC-ROC analysis. The best-performing model was serialized and
saved as a file, which is loaded by the Streamlit application during runtime to generate predictions,

allowing healthcare professionals to input patient data and receive real-time drug resistance predictions.
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CHAPTER 6: RESULTS

In this section, I present the results of this retrospective study on drug-resistant Escherichia coli
infections which aimed to evaluate the effectiveness of machine learning in identifying risk factors
associated with resistance, developing a predictive machine learning model using demographic, clinical,
and microbiological data, and creating a web-based interface for the best-performing model. The
findings are organized according to the study objectives and demonstrate the potential of machine
learning to improve early detection, guide targeted antimicrobial susceptibility testing, and support

clinical decision-making in resource-limited settings.

6.1 Dataset summary

6.1.1 Geographical Distribution of Sample Collection Sites

The observations of patients whose samples were observed to have E. coli growth belonged to 9
Regional Referral Hospitals (RRH) namely; Mbarara Regional Referral Hospital (361), Kabale
Regional Referral Hospital (222), Lira Regional Referral Hospital (183), Mbale Regional Referral
Hospital (159), Jinja Regional Referral Hospital (129), Gulu Regional Referral Hospital (100), Arua
Regional Referral Hospital (86), Masaka Regional Referral Hospital (66), Soroti Regional Referral
Hospital (62) and 1 Tertiary Hospital at Department of Medical Microbiology Mbarara University of
Science and Technology (DMM MUST) (184).

Number of E. coli Observations per Laboratory Site
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Figure 6: Distribution of Escherichia coli Observations Across Laboratory Sites

26| Page



6.1.2 Age and Sex Distribution of patients with samples that had E. coli growth

The distribution of client sex in the dataset was imbalanced, with females comprising 67% (n = 1,040)
of the total sample. Female clients had a lower average age of 32.9 years (SD = 18.8), compared to male
clients whose average age was 42.8 years (SD = 23.3). Among the female clients analyzed, 532 (51%)
were aged between 22 and 42 years, while 262 male clients (51.2% of the males analyzed) were between
28 and 60 years. The median age was 30 years for females and 42 years for males. A visual

representation of these age distributions is provided in the figure below.
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Figure 7: Boxplot showing Age and Sex Distribution of patients with samples that had E.coli growth

Below is a summary table showing the age and sex distribution of patients with samples that had E. coli

growth.

Table 1: A summary table showing the age and sex distribution of patients with samples that had E.coli growth

Sex Mean_Age Median_Age al Q3 Count_IQR Toral
Femake (0) 3129 30 22 42 $32 1040
Male (1) 428 42 28 60 262 512

6.1.3 Distribution of observations across the outcome variable
Out of the total observations (10,181) in the resultant long format dataset, 4709 were categorized as

non-resistant (0), while 5471 were classified as resistant (1). This moderate imbalance is illustrated in

the bar chart below:
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Figure 8: Bar chart showing the distribution of categorical resistance outcomes

Using the 10,180 samples to analyze the association between patient sex and antimicrobial susceptibility
test result outcomes, results showed that among female patients (0), 52.4% (3,457 samples) exhibited
resistance while 47.6% (3,140 samples) were not resistant. Among male patients (1), 56.2% (2,014

samples) were resistant, and 43.8% (1,569 samples) were susceptible.

Contingency Table (Sex vs AST_Result):
Non-Resistant (0) Resistant (1)

Female (0) 3140 3457

Male (1) 1569 2014

Proportions of Resistance by Sex:
Non-Resistant (0) Resistant (1)

Female (0) 0.475974 0.524026

Male (1) 0.437901 0.562099

Figure 9: Distribution of antimicrobial resistance (AST result) by sex, where Sex = () represents females and Sex = 1 represents

males. AST result = I indicates resistance, and () indicates susceptibility.

6.2 Objective 1: Identify the risk factors for drug resistant E. coli infections

6.2.1 Feature importance and selection

Across all models, a unique set of features consistently emerged as important predictors of drug
resistance. These include the number of days the patient had been on antibiotics prior to sample
collection, a particular antibiotic the patient was on before sample collection, the patient’s age in
complete years at the time of sample collection, the health facility where the sample was collected and
processed, the specimen type collected for testing, whether the patient was hospitalized for more than
48 hours, whether the patient had been exposed to antibiotics before sample collection, the gender of
the patient, the patients admission status, and whether the patient was transferred from another health

facility.
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Tree-based models, random forest, gradient boosting, and xgboost placed greater emphasis on
microbiological and demographic variables; duration of a patient on antibiotics, antibiotic being tested,
age, the health facility where the sample was collected and processed, and specimen type consistently
ranked as the top four predictors. In contrast, the logistic regression prioritized clinical history,
identifying prior antibiotic therapy, hospitalisation for more than 48 hours and patient having been
transferred from another facility as its most influential features. Figure 8,9,10 and 11 below visualize

these differences in feature importance across models.
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Figure 10: Random forest model showing the top predictors ~Figure 11: Gradient boosting model showing the top

of drug resistance in E-Coli infections predictors of drug resistance in E-Coli infections
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Figure 13: Logistic regression model showing the top

Figure 12: XGBoost model showing the top predictors of drug ) . ) ) B )
predictors of drug resistance in E-Coli infections
resistance in E-Coli infections
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6.2.2 Triangulation of the top 7 features using the Weighted Importance Score and Frequency

Count framework

As visualized in the figure below, the seven top-ranked features selected for model development were
the number of days the patient had been on antibiotics prior to sample collection, a particular antibiotic
tested on the sample, the patient’s age in complete years at the time of sample collection, the health
facility where the sample was collected and processed, the specimen type collected for testing, whether
the patient was hospitalized for more than 48 hours, and whether the patient had been exposed to
antibiotics before sample collection.

Top 7 Fealures by WISFC Score
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Figure 14: A feature selection across random forest, gbm, xgboost and logistic regression

6.2.3 Exploring Variable Relationships Using a Correlation Matrix

The correlation matrix is as shown in the figure below:

Correlation Matrix of Selected E. coli Variables
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Figure 15:Heatmap of the correlation matrix showing relationships among the top predictors of AMR in patients with E.coli

infections.
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Most variables had weak correlations (close to 0), suggesting they provide independent information for
modelling. The duration of a patient on antibiotics showed a positive correlation with a patient’s history
of prior antibiotic intake, a moderate positive correlation with a patient’s history of hospitalisation for
more than 48 hours, and a moderate negative correlation with the specimen type. There was a moderate
positive correlation between patient’s history of hospitalisation for more than 48 hours and patient’s
history of prior antibiotic therapy. Overall, the absence of very strong correlations (>0.8) reduces
concerns about multicollinearity, meaning most variables can be retained for machine learning models

without redundancy.

6.3 Objective 2: To evaluate the performance of different machine learning models in predicting

the likelihood of drug resistance among patients with E. coli infections

Ensemble methods consistently outperformed the decision trees across all performance metrics with

xgboost as the top performing model. The results obtained for each model are presented in figure below:

Maodel Performance Metrics (Sorted by F1 Score and ROC AUC)

90.0

XOBoost : - 85,37 43184
-87.5
UghtGBM 85.0
82.5

Random Forest 4

- B0.0
radent Boosting - -771.5
75.0

Decision Tree - 72.45 73.60 75.96 74.76 7215

«72.5
Accuracy (%) Precision (%) Recall (%) FI Score (%) ROC AUC (%)

Figure 16:Model performance sorted by Flscore and ROC AUC

Confusion Matrix

The confusion matrices revealed differences in predictive performance across the other models. xgboost
and Lightgbm outperformed the others, showing the highest number of correctly predicted resistant cases
and the lowest wrongly predicted resistant cases. Lightgbm had the highest number of correctly predicted
drug resistant cases (949) with the lowest incorrectly predicted drug resistant cases (145). xgboost

performed better in correctly identifying non resistant cases while it only correctly identified 934 actual
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resistant cases and wrongly classified 160 resistant cases as non-resistant. Below are the confusion

matrices for each of the achine learning models evaluated.
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Figure 17: Confusion Matrix for the Lightgbm Classifier Figure 18: Confusion Matrix for the xgboost model showing
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6.4 Objective 3: To develop a web-based interface for prediction of existence of drug resistance

in patients with E. coli infections.

The web-based interface was designed for two primary user groups: medical doctors and laboratory
staff. Medical doctors interact with the interface by entering patient demographic and clinical data, such
as age, sex, prior antibiotic use, hospitalization history, and specimen type. After submitting the data,
they receive a real-time prediction indicating whether the patient’s sample is likely resistant or not
resistant to the antibiotic entered. Doctors can then view a list of alternative antibiotics with a higher

likelihood of effectiveness to support prescribing decisions while awaiting susceptibility test results.

Laboratory staff use the interface to identify antibiotics that the patient is most likely susceptible to,
enabling them to prioritize these drugs during antimicrobial susceptibility testing, promoting efficient
use of antibiotic discs. The interface includes interactive features such as buttons to display alternative
antibiotics and explanations of how predictions were derived. This design ensures usability,
transparency, and supports informed decision-making for both clinicians and laboratory personnel.

Below are screenshots of the web based tool.

Antibiotic Resistance Prediction
& Antibiotic Resistance Prediction

) . Figure 23: A screenshot of the web-based tool for AMR
Figure 22: A screenshot of the web-based tool for AMR isure screenshot of the web-based tool for

. . . . resistance (Not resistant to antibiotics)
resistance (Likely resistant to antibiotics) ’
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CHAPTER 7: DISCUSSION

This study successfully applied machine learning (ML) techniques to predict drug resistance in
Escherichia coli infections using demographic, clinical, and microbiological data from 10 tertiary
healthcare facilities in Uganda. The results demonstrate that ML models, particularly ensemble methods
like xgboost and Lightgbm, can effectively identify resistance patterns and support clinical decision-

making for patients with E. coli infections in regional referral hospitals in Uganda.

7.1 Dataset summary

7.1.1 Geographical Distribution of Sample Collection Sites

The geographical distribution of these sites, as visualized in the results section, reflects a broad national
coverage, capturing data from all This diversity in sampling locations enhances the representativeness
of the findings and allows for regional comparisons in antimicrobial resistance (AMR) patterns
(MacFadden et al., 2016). However, the number of E. coli observations varied significantly across sites.
From the public health perspective, this variation could suggest the presence AMR hotspots within
certain districts. Yet, it may also reflect disparities in laboratory capacity, patient volume, or diagnostic
practices across facilities (Bender et al., 2004; Obakiro et al., 2021). These differences raise concerns
about potential underreporting in lower volume sites, which may not necessarily indicate lower AMR
prevalence but rather limitations in surveillance infrastructure (Nakate et al., 2022). Research by
Kiggundu et al identified existing gaps in AMR surveillance data collected at sentinel sites, some of
which were data sources for this study, that could obscure the true extent of burden of AMR (Kiggundu
et al., 2023). Such gaps risk leading to misinformed policy or inefficient resource allocation (Kiggundu
et al., 2023). Addressing these disparities is important to ensuring that AMR surveillance systems are

both equitable and actionable (Kiggundu et al., 2023).

7.1.2 Age and Sex Distribution of Clients

The demographic analysis of the study population revealed a notable sex imbalance, with females
accounting for 67% (1,040) of the total sample and males comprising 33% (502). This imbalance may
reflect underlying gender dynamics in healthcare-seeking behaviour, with women potentially being
more proactive in accessing health services as seen in prior research done on gender dynamics on health
seeking behaviour (Thompson et al., 2016). Culturally and socially, women often bear the responsibility

for family health and may be more engaged in community health programs such as those in
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antimicrobial stewardship (Assai et al., 2006). Additionally, prior research shows that women have a
higher incidence of E. coli infections (53%) compared to males which could increase their

representation in health-related studies(Bennett et al., 1995).

Despite the predominance of female clients (67%, 1040) compared to (33%, 502) males in the sample,
a slightly higher proportion of antimicrobial resistance was observed among male patients (56.2%) than
female patients (52.4%). This finding suggests that while women were more represented in the study,
men may be at a relatively higher risk of harbouring resistant strains. This is in line with previous
research studies which report higher proportions of resistant E. coli in males compared to females
(Khanal et al., 2024; McGregor et al., 2013). There are differences in antibiotic use patterns,
occupational exposures, or underlying health conditions among men that could contribute to the
observed resistance disparity (Batheja et al., 2025; Brandl et al., 2021). This sex-based variation in
resistance highlights the importance of tailoring AMR interventions to address gender-specific
behaviours and risks (Batheja et al., 2025). However, since the magnitude of these differences was
generally less than 5%, this means the results may not represent clinically meaningful differences

(McGregor et al., 2013).

The average and median ages were notably higher among male clients (mean = 42.8 years; median =
42 years) compared to female clients (mean = 32.9 years; median = 30 years), suggesting that older men
were more likely to seek care or be captured in the sample. This age disparity may reflect gendered
patterns in health-seeking behaviour, with men possibly delaying care until later in life or presenting
with more complex conditions (Keene & Li, 2005; Nyalela et al., 2018). These demographic
characteristics are important for interpreting antimicrobial resistance patterns, as age and sex may

influence infection risk, antibiotic exposure, and treatment outcomes (Evans & Wiley, 2023).

7.2 Risk Factors for Drug Resistance

7.2.1 Feature importance and selection

Across the random forest, xgboost, and gradient boosting models, several features consistently emerged
as strong predictors of antimicrobial resistance. The weighted importance score and frequency count
framework aggregated feature importance scores from random forest, gbm, xgboost, and logistic
regression to provide the top 7 predictors of drug resistance. Consistent with findings by Al Tawil et al,
selecting between 5 and 15 well-justified features can optimize model performance while minimizing
overfitting and maintaining interpretability, particularly in health-related predictive tasks (Al Tawil et

al., 2024).
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The number of days a patient had been on antibiotics emerged as the most influential variable in
predicting resistance, highlighting the role of prior antibiotic exposure in shaping resistance outcomes.
This finding aligns with existing evidence that prolonged or repeated antibiotic use promotes the
emergence of drug resistant pathogens (Griskaitis et al., 2022). Clinically, this highlights the importance
of monitoring treatment duration and avoiding unnecessary antibiotic courses, especially in outpatient
settings in low-resource settings where empirical treatment is common (Okello et al., 2020; White et

al., 2019).

The specific antibiotic tested on the E. coli-positive sample, was the second most influential variable,
suggesting that certain antibiotics are more frequently associated with resistance patterns. This is
consistent with research findings that demonstrate that antibiotic resistance patterns in E. coli vary
significantly based on the specific antibiotics tested (Pouwels et al., 2019). Research found that
amoxicillin prescribing was positively associated with resistance to multiple antibiotics including
amoxicillin and ciprofloxacin among E. coli from urinary samples, indicating complex cross-resistance
patterns (Pouwels et al., 2019). Similarly, another study identified tetracycline, cephalothin,
sulfisoxazole, and streptomycin as antibiotics with the highest resistance frequencies among patients
with E. Coli infections (Sayah et al., 2005). Clinically, this highlights the need for careful antibiotic
selection based on local resistance profiles to avoid ineffective treatment and reduce drug resistance
risks (Lopez Romo & Quirds, 2019). From a public health perspective, it reinforces the importance of
surveillance systems that track resistance trends by antibiotic type, enabling targeted stewardship

interventions and informing national treatment guidelines (Diallo et al., 2020) .

Age ranked third, indicating that patient age is a key predictor for drug resistance. This is in line with
prior research by Garcia A et al, Adam et al, and Yoshikawa which found that older patients were more
likely to have resistant infections potentially due to cumulative antibiotic exposure or comorbidities
(Adam et al., 2013; Garcia et al., 2017; Yoshikawa, 2002). From a public health perspective, it
highlights the importance of tailoring AMR interventions to demographic risk profiles (Waterlow et al.,
2025). Notably, a recent meta-analysis revealed that while antibiotic resistance probability generally
increases with host age on average, diverse patterns exist including negative, humped, and U-shaped
relationships depending on the specific bacteria-antibiotic combination (Binsted & McNally, 2024).
Future research should explore these nuanced patterns to inform more targeted surveillance and

treatment strategies.

The health facility where the sample was collected and processed was ranked forth suggesting that
location-specific factors may influence resistance patterns. This variability agrees with prior research

done in Uganda which demonstrates that Escherichia coli resistance patterns are influenced by location-
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specific factors, including ecological, socioeconomic, and management practices (Weiss et al., 2018).
This variation may partly be explained by the uneven distribution of resistance outcomes in the data
collected across Regional Referral Hospitals (Mayito et al., 2024). Facilities with fewer resistant isolates
may have yielded fewer stable estimates, potentially exaggerating or underrepresenting true prevalence.
RRHs with a higher number of resistant outcomes likely provided more robust insights into local
resistance patterns. However, while sample imbalance is a valid concern, this study assumes that it is
also possible that the observed differences genuinely reflect true geographic variation in resistance. In
this case, attempts to artificially balance the data could introduce bias and obscure meaningful location-
specific insights. Therefore, while acknowledging the limitations posed by sample size variability, it is
important to interpret these findings within the broader context of local prescribing practices, population

dynamics, and healthcare infrastructure, which may all contribute to the observed resistance patterns.

Specimen type ranked fifth among predictors, indicating its relevance in shaping AMR patterns.
Literature shows that specimen types such as blood, sputum, pus, and urine exhibit significant
differences in resistance profiles (Wen et al., 2023). Notably, non-blood specimens often harbour higher
resistance rates. For example, tracheal aspirates and pus swabs common in surgical and ICU setting
have shown resistance rates ranging from 40—100% across multiple antibiotic classes (Mboowa et al.,
2021; Moolchandani, 2017). From a public health perspective, expanding surveillance to include high-
resistance non-priority specimens may improve detection of drug resistant organisms in critical care

settings.

A patient’s history of being hospitalized for more than 48 hours was the sixth most influential predictor
of resistance, likely reflecting increased exposure to hospital-acquired pathogens and invasive
procedures (Fridkin, 2001; Sommerstein et al., 2018) . From a public health perspective, it underscores

the importance of monitoring resistance trends in healthcare-associated infections (Fridkin, 2001).

Prior exposure to antibiotics before sample collection ranked seventh as a predictor of resistance. This
supports existing evidence that previous antibiotic use impact resistance outcome, especially when
treatment is empirical or incomplete (Dryden et al., 2011). Public health strategies should therefore
prioritize education on appropriate antibiotic use and strengthen prescription oversight to reduce

unnecessary exposure.

Interestingly, duration on antibiotics which ranked first in xgboost and random forests, was the least
important feature in logistic regression, while the specific antibiotic being tested on a sample dropped
to eighth place. This discrepancy may be attributed to the linear nature of logistic regression, which
may not capture complex interactions between variables as effectively as tree-based models (Halloran,

2009). A similar study found that logistic regression consistently underperformed across all metrics
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compared to tree-based models like xgboost and Lightgbm, which demonstrates that logistic regression
often underperforms compared to tree-based and ensemble methods when complex variable interactions

are present (Pratiwi et al., 2024).

A novel finding in this study is the strong predictive power of the health facility where the sample was
collected and processed in determining antimicrobial resistance outcomes. While geographic variation
in resistance has been acknowledged in broader regional or national studies, few have incorporated
facility-level data into predictive models for this study setting. The consistent ranking of the health
facility where the sample was collected and processed among the top features in ensemble models
suggests that hospital-specific factors such as prescribing practices, diagnostic protocols, and local
microbial ecology may significantly influence resistance patterns (Li et al., 2025). This insight
highlights the importance of integrating granular, site-level data into AMR surveillance frameworks,

especially in settings with diverse healthcare infrastructures like Uganda.

7.2.2 Exploring Variable Relationships Using a Correlation Matrix

The correlation analysis revealed that most variables exhibited weak correlations (values close to 0),
indicating that they likely provide independent information for modelling purposes. This independence
is beneficial for machine learning, as it reduces redundancy and enhances the model's ability to learn
distinct patterns from each feature. Notably, the duration of antibiotic use showed a positive correlation
with both a patient’s history of prior antibiotic intake and hospitalisation for more than 48 hours,
suggesting that patients with such histories tend to be on antibiotics for longer periods. Conversely,
there was a moderate negative correlation between duration of antibiotic use and specimen type,

implying that certain specimen types may be associated with shorter or longer treatment durations.

Additionally, a moderate positive correlation was observed between hospitalisation history and prior
antibiotic therapy, which aligns with clinical expectations, patients who have been hospitalised are more
likely to have received antibiotics previously. Importantly, the absence of very strong correlations (r >
0.8) among variables reduces concerns about multicollinearity, a condition that can distort model
estimates and reduce interpretability. This suggests that most variables can be retained in machine
learning models without the need for dimensionality reduction or feature elimination due to redundancy.
These insights justify the use of ensemble models that can capture complex, non-linear interactions
among variables and highlight the importance of integrating these predictors into clinical decision-

support tools (Al Musyaffa et al., 2025).

7.2.3 Triangulation of the top 7 features using the Weighted Importance Score and Frequency

Count framework
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The resulting WISFC scores provide a consensus-based ranking that supports more reliable
interpretation. As visualized in the bar chart, the seven top-ranked features selected for model
development were: the antibiotic to be tested on a sample or given to the patient, the age of the patient,
the health facility where the sample was collected and processed, the specimen type, the duration the
patient has spent on antibiotics (in days), patient history of hospitalization, and patient history of prior
antibiotic therapy. These findings highlight that both clinical and contextual factors significantly
influence antibiotic resistance patterns. For instance, patient age and hospitalization history may reflect
underlying comorbidities or exposure to resistant strains, while facility-level differences could indicate
variations in prescribing practices or infection control measures. The prominence of prior antibiotic use
underscores its role as a key driver of resistance, reinforcing the need for stewardship interventions.
Collectively, these features provide a strong foundation for predictive modeling, enabling more targeted

and informed decision-making in antimicrobial therapy.

7.2 Model Performance

XGBoost achieved the highest performance across all evaluation metrics demonstrating strong
predictive power and generalizability. Its ROC AUC of 90% indicates excellent discrimination between
resistant and susceptible cases. In prior research, this superior performance can be attributed to
XGBoost’s ability to handle complex, non-linear relationships as well as its use of regularization
toprevent overfitting (Shrivastava et al., 2024). These models also handle missing values and categorical
variables more efficiently, making them well-suited for real-world clinical datasets that often contain
noise and inconsistencies. In contrast, the decision tree model showed the weakest performance,
highlighting its limitations in capturing complex, non-linear relationships. This is consistent with
research which has demonstrated ensemble machine learning methods as more effective than decision

trees for predicting antibiotic resistance in E. coli (Al Musyaffa et al., 2025).

The confusion matrices reveal differences in predictive performance across the four models. Lightgbm
and xgboost outperform the others, showing the highest number of correctly predicted resistant cases
and the lowest wrongly classified resistant cases, which is important in antimicrobial resistance
prediction where missing resistant cases can lead to inappropriate treatment. Decision Tree, while
simpler, shows the weakest performance with higher misclassification rates. Gradient boosting
improves upon decision tree but still lags behind xgboost and Lightgbm. These results suggest that
ensemble methods, particularly xgboost and lightgbm, are better suited for AMR prediction tasks due
to their ability to capture complex patterns and reduce error rates. Their superior performance in

identifying resistant cases supports their integration into clinical decision-support systems, where
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accurate classification can guide more effective antibiotic prescribing and reduce the risk of treatment

failure.

It is important to note that the model outputs a probability score rather than a definitive classification,
leaving room for uncertainty in predictions. L. Wynants et al. reported that probabilistic approach
allows clinicians to set thresholds for decision-making, but it also means that borderline cases may be
misclassified depending on the chosen cutoff (Wynants et al., 2019). Such uncertainty can influence
treatment choices and resource allocation, underscoring the need for careful calibration of thresholds

and integration with clinical judgment to minimize risks (Wynants et al., 2019).

7.3 Development of the Interface

Streamlit and Python have consistently been adopted in scientific and medical research for developing
user-friendly, interactive web applications (Keerthi et al., 2023; Monks & Harper, 2023; Miiller et al.,
2025). Python offers a rich ecosystem of libraries for data analysis and machine learning, while
Streamlit simplifies the deployment of predictive models into intuitive interfaces without requiring
extensive web development skills (Bergstra et al., 2015; Monks & Harper, 2023). Together, they enable
rapid prototyping and real-time interaction, allowing users to input health data and instantly receive
feedback, often accompanied by graphical visualizations and dynamic outputs (Keerthi et al., 2023).
This combination is particularly advantageous in clinical settings where usability, speed, and

transparency are critical (Douze et al., 2025).

A key consideration for the practical implementation of this tool is its placement within the diagnostic
process. The predictive interface is designed to be utilized after pathogen identification. This timing
ensures that clinicians receive preliminary insights during the waiting period for AST results, which
often takes 24 - 72 hours in resource-limited settings. By providing early predictions, the tool can guide
empirical therapy more effectively, reduce inappropriate antibiotic use, and prioritize antibiotics for
AST, thereby optimizing laboratory resources. This integration complements existing workflows

without replacing AST, reinforcing its role as a decision-support tool rather than a diagnostic substitute.

Unlike generic implementations, this application is tailored for antimicrobial resistance (AMR)
prediction in resource-limited settings. It integrates a high-performing XGBoost model trained on
Ugandan surveillance data, incorporating site-specific, specimen-type, and patient-level factors to
deliver context-specific predictions that accurately reflect local resistance patterns. The interface goes

beyond simple prediction by offering actionable insights: medical doctors can view alternative
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antibiotics for empirical prescribing, while laboratory staff can prioritize those antibiotics for
susceptibility testing. Additionally, the tool includes interactive features such as confidence scores and

feature importance explanations, promoting transparency and trust in machine learning outputs.

7.4 Implications for Clinical Practice and Policy

The integration of machine learning, specifically the XGBoost driven predictive model developed in
this study, into clinical workflows presents a transformative opportunity for managing Escherichia coli
infections, particularly in resource-limited settings like Uganda. By providing decision support during
prescribing processes during waiting periods and in the absence of ASTs, this approach reduces reliance
on empirical antibiotic therapy. This predictive tool offers clinicians actionable insights into likely
resistance patterns based on patient demographics, clinical history, and specimen type, allowing for

more informed antibiotic selection even before AST results are available.

In the Ugandan context, where laboratory reagents and resources are scarce, the model can help
prioritize which antibiotics to test for susceptibility. By identifying the most promising treatment
options, it supports rational use of resources and ensures that testing focuses on antibiotics with the
highest likelihood of effectiveness. Ultimately, this approach has the potential to reduce the healthcare
economic burden associated with antimicrobial resistance by improving treatment accuracy and
resource utilization. By integrating such a predictive model into Uganda’s e-health information
management system (EHIMS), policymakers can enable targeted antibiotic testing, minimize waste of

laboratory reagents, and reduce costs linked to prolonged hospital stays and ineffective treatments.

7.5 Limitations

Despite the strong performance of XGBoost, several limitations must be acknowledged. One key
limitation of this study was the missingness in certain variables, notably duration on antibiotics, which
turned out to be one of the most predictive features. To address this, missing values were imputed using
predictive modelling techniques; however, this may still introduce bias or uncertainty in the final model.
Additionally, even though utility of all variables was determined during the conceptualization phase
based on their relevance to the research objectives, during data processing, some variables exhibited
excessive missingness, posing a risk of bias and reducing the robustness of the analysis. For this reason,
despite their conceptual importance, these variables, such as the diagnosis variable, were be excluded
after careful consideration to maintain the validity and integrity of the findings. This exclusion limits

the model’s ability to account for clinical context and potentially reducing its predictive accuracy.
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Although the model demonstrates high accuracy, misclassifying resistant cases as susceptible can lead
to inappropriate antibiotic prescriptions, resulting in treatment failure, prolonged hospital stays, and
increased financial burden on both patients and healthcare systems. Predicting susceptibility as
resistance may prompt unnecessary use of expensive broad-spectrum antibiotics, accelerating
antimicrobial resistance. These risks highlight that even small error rates can have significant clinical
and economic consequences, emphasizing the inherent limitations of relying solely on machine learning
models even when thresholds are carefully calibrated and models are integrated with clinician oversight
and other diagnostic tools prior to real-world deployment.Another limitation in this study stems from
disparities in the dataset, for example the disparities in the data collected at the different site which may
affect the model’s ability to generalize across diverse population groups, potentially skewing
predictions or masking important regional trends. This highlights the need for more balanced and

representative datasets in future research to ensure equitable and accurate predictive modelling.
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CHAPTER 8: CONCLUSION AND RECOMMENDATIONS

8.1 Conclusion

Ensemble methods, particularly xgboost outperformed traditional models, achieving high accuracy,
precision, F1 score recall, and AUC scores, thereby validating their suitability for AMR prediction
tasks. The integration of the XGBoost model into a web-based interface demonstrates the potential for
practical utility in clinical settings, enabling clinicians to make timely, data-driven decisions even in
the absence of immediate antimicrobial susceptibility testing (AST) results. This tool supports targeted
antibiotic selection, reduces reliance on empirical broad-spectrum therapy, and promotes rational use

of limited laboratory resources.

Importantly, the study highlights the previously underexplored predictors such as specimen type and
facility-level factors, emphasizing the need for context-specific modelling approaches in AMR
surveillance. The inclusion of non-GLASS specimens in this study provides a wholesome outlook on
the influence of the specimen type being tested on the possibility of the outcome being either resistant

or non-resistant.

Furthermore, this study’s approach of applying machine learning in this context aligns with SDG 9
(Industry, Innovation, and Infrastructure) by fostering innovation in healthcare delivery and
encouraging the integration of data-driven approaches into public health systems. For low-resource
settings, where traditional surveillance methods may be costly or logistically challenging, predictive
analytics can enhance early detection, guide stewardship efforts, and inform policy, contributing to

more resilient and responsive health systems.

8.2 Recommendations

This study serves as a proof of concept that demonstrates the potential of machine learning (ML) to
predict drug resistance in Escherichia coli infections using demographic, clinical, and microbiological
data collected from ten tertiary healthcare facilities in Uganda. While the model demonstrates strong
performance on the internal dataset, external validation is essential to confirm its applicability in
different clinical settings and populations. This is derived from the experience from the study by S.
Bleeker et al where a diagnostic prediction model showed an impressive 0.83 area under the curve
internally, but collapsed to 0.57 when externally validated (Bleeker et al., 2003). This project could be
tested on independent datasets from other hospitals, regions, or time periods to ensure it captures diverse

43 |Page



resistance patterns and data variability. Without external validation, there is a risk of overestimating the
model’s real-world performance due to dataset-specific biases. Successful external validation would
strengthens confidence in the model’s reliability and supports its integration into clinical workflows.
With the rollout of the e-health information management system (eHIMS) in public hospitals, deploying
the Streamlit-based interface can leverage this infrastructure, ensuring smooth integration with digital
workflows and minimizing reliance on standalone systems. Insights from these testing sites can inform

iterative improvements and support broader adoption across the health system.

Given that the model already incorporates key predictors, the Ministry of Health (MoH) could pilot and
refine this tool in alignment with national treatment guidelines, with the goal of embedding it into
national AMR stewardship programs. Clinicians could be trained to interpret model outputs and use
these insights to inform antibiotic selection during prescribing thereby improving treatment accuracy
and reducing inappropriate antibiotic use. Public health officials can leverage aggregated model outputs

to monitor resistance trends enabling data-driven resource allocation and targeted interventions.

The Ministry of Health should prioritize strengthening digital infrastructure to support the deployment
and sustainability of web-based clinical decision-support tools. This includes investing in reliable
internet connectivity, secure data storage systems, and user-friendly platforms that can be integrated
into existing healthcare workflows. Enhanced infrastructure will improve accessibility for healthcare
providers across different regions and ensure the long-term usability of these tools, ultimately

supporting evidence-based decision-making and improving patient outcomes.

Future researchers are encouraged to build on this work by exploring additional pathogens to broaden
its applicability. To strengthen future iterations of similar predictive models, researchers could explore
strategies for integrating more comprehensive data and additional clinically relevant variables such as
sex, admission status, and referral status. While this study focused on variables with the highest
predictive power and data completeness to ensure model reliability, incorporating these factors in future
work may enhance interpretability and broaden applicability across diverse patient contexts. They
should also validate the model in diverse populations to ensure its generalizability.Researchers should
assess the long-term impact of Al-assisted prescribing on antimicrobial resistance rates and patient
outcomes to determine its effectiveness and sustainability. Embedding such tools into routine care
represents a promising step toward more data-driven, context-specific antimicrobial stewardship in

Uganda and similar settings.
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Appendix A: Code Book

Variable
order . . . . . .
'VariableName \Variabletype [Description ofvariable |Codingvalues
andlabels
1. Arua
2. Kabale
3. Mbale
4. Jinja
5. Gulu
6. Lira
7. Soroti
8. Masaka
1 Lab select one  [Facilityname 0. Mbarara
2 Identificationnumber text PatientID
3 Specimennumber text Lab specimennumber
4 Organism text Organism/pathogenisolate
d
10. Female
S Sex select one  [PatientSex 11. Male
6 Age text IAge in completeyears
7 Department text HospitalWard
8 Collectiondate date Date of samplecollection
9 Day text Day of samplecollection
10 Month text Monthofsamplecollection
11 Year text 'Year of samplecollection
12 Specimentype text Sampletype
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13 Comment text Doctor'scomment

'Wasthepatienthospitalized
L formore than 48 hours?

14 Hospitalized48hrs lyesno 12. Yes 2No
'Wasthepatienttransferredf
rom another facility?

15 Transferredfromanotherfacilit  [yesno 13. Yes 2No
'Wasthepatientonantibiotic

) o spriortoadmission?

16 Priorantibiotictherapy yesno

[fyes,forhowlongwasthep
) o atient on antibiotics?

17 Durationofantibioticsindays text

18 Dateofadmission text Date ofadmission.

19 Diagnosis text Diagnosis

1I-R
2-1
20 AMC _ND20 select one  |Amoxacillin/clavulanicac [3-S
id
1I-R
2-1
21 AMK ND30 select one  |Amikacin 3-S
1I-R
2-1
22 AMP NDI10 select one  |Ampicillin 3-S
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23

AMX_ND25

select one

IAmoxacillin

1-R

2-1

3-S

24

ATM_ND30

select one

IAztreonam

1-R

2-1

3-S

1-R

25

AZM _NDI15

select one

\Azithromycinl5Smcg

2-13-S

26

AZM_ND30

select one

\Azithromycin30mcg

1-R

2-1

27

CAC ND30

select one

CAC ND30

3-S

28

CFM_ND5

select one

Cefixime

1-R

2-1

3-S
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29

CFR_ND30

select_one

CFR_ND30

1-R

2-1

3-S

30

CHL ND30

select one

Chloramphenicol

1-R

2-1

3-S

31

CIP_ND5

select one

Ciprofloxacin

I-R

2-1

3-S

32

CLI ND2

select one

Clindamycin

33

CLO_ND5

select_one

CLO_ND5

1-R

2-1

3-S

34

CLR NDI5

select one

CLR ND15

1-R

2-1

3-S
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35

CRO ND30

select_one

Ceftriaxone

1-R

2-1

3-S

36

CXM_ND30

select one

Cefuroxime

1-R

2-1

3-S

37

CZX ND30

select one

CZX ND30

1-R

38

DOX_ND30

select one

Doxycline

2-1

3-S

39

ERY NDI5

select one

Erythromycin

1-R

2-1

3-S

1-R

40

ETP_NDI10

select_one

Ertapenem

2-13-S
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41

FEP_ND30

select_one

Cefepime

1-R

2-1

3-S

42

FOX_ND30

select one

Cefoxitin

1-R

2-1

3-S

43

GAT ND5

select one

GAT ND5

1-R

2-1

44

GEN_NDI10

select one

Gentamycin 10mcg

45

IPM_NDI10

select_one

Imipenem

1-R

2-1

3-S

46

MEM_NDI10

select_one

Meropenem

1-R

2-1

3-S

1-R

2-1
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47 MET NDS5

select_one

Metronidazole

48 MFX_ND5

select one

Moxifloxacin

1-R

2-1

49 INAL ND30

select one

(Nalidixicacid

3-S

50 INIT _ND300

select one

INitrofurantoin

1-R

2-1

3-S

51 OFX NDS5

select_one

OFX_ND5

1-R

2-1

3-S

52 OXA NDI1

select_one

Oxacillin

1-R

2-1

3-S
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53

PEF NDI10

select_one

PEF ND10

I-R

2-1

3-S

54

PEN_NDI10

select one

Penicilling

I-R

2-1

3-S

55

PIP_ ND100

select one

Piperacillin

1-R

56

IPOP_ND300

select one

POP_ND300

2-1

3-S

57

PRL ND2

select_one

PRL ND2

1-R

2-1

3-S

58

SMX ND200

select_one

SMX ND200

I-R

2-1

3-S
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59

SXT NDI2

select_one

I-R

2-1

Sulfamethoxazoletrimethoprim (3-S

I-R

2-1

60

TCY ND30

select one

Tetracycline

3-S

61

TEC ND30

select one

TEC ND30

I-R

2-1

3-S

62

TMP_ND5

select one

TMP_ND5

1-R

63

TZP NDI100

select_one

Piperacillin/tazobactam

64

VAN ND30

select one

'Vancomycin

I-R

2-1

3-S
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65 BM

select one

BM

I-R

2-1

3-S

66 CTX

select one

Cefotaxime

I-R

2-1

3-S

67 SAM

select one

SAM

1-R

2-1

3-S

68 CTC

select one

Cefotaxime/clavunate

3-S

69 CAZ

select one

Ceftazidime

1-R

2-1

3-S

70 DOR

select one

Doripenem

I-R

2-1

3-S
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71

GEH

select_one

Gentamycin 120mcg

I-R

2-1

3-S

72

LVX

select one

Levofloxacin

I-R

2-1

3-S

73

MNO

select one

Minocycline

I-R

74

RIF

select one

Rifampicin

2-1

3-S

75

TAZ

select_one

Tazobactam

1-R

2-1

3-S

76

TOB

select_one

TOB

I-R

2-1

3-S
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77

COT

select_one

COT

I-R

2-1

3-S

78

LNZ

select one

Linezolid

I-R

2-1

3-S

79

COL

select one

Colistin

I-R

2-1

3-S

80

STR

select one

STR

3-S

31

SPT

select_one

SPT

1I-R

2-1

3-S

82

TCG

select_one

TCG

I-R

2-1

3-S

I-R

2-1
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83 FOX NDI10 select one  |Cefoxitin 3-S
1-R
2-1

84 INOR_ND5 select one  [NOR NDS5 3-S

67|Page




Appendix B: Data Abstraction Checklist

1. Project Setup

Item

Define the ML task (binary classification: MDR = Yes/No)
Define MDR (e.g., resistance to >3 antibiotic classes)
Secure ethics approvals / data sharing agreements

Record all hospital sources (9 RRHs, 1 tertiary hospital)

2. Data Sources and Access

Item

Demographic data accessed (age, sex, region, etc.)
Clinical data accessed (hospital stay, comorbidities, prior antibiotics)
Microbiology data accessed (specimen type, isolate, antibiogram)

Data source dates and versions recorded

3. Variable Abstra :tion

Category Variables
Demographic Age, Sex, District, Facility
Clinical Admission date, Previous antibiotic use, Diagnosis

Microbiological Specimen type, E. coli isolate, AST results

Outcome MDR label (binary: 1/0)

Facility-level Hospital ID, Facility type (RRH/Tertiary)
4. Data Cleaning

Item

Resolve duplicates (especially in AST results)
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v
v
v

Status

v

v
v
v

Status

v

NN

Status



Handle missing values (drop, impute, or categorize) v

Harmonize antibiotic names and result formats (e.g., S/I/R) v
Standardize column names and formats v
5. Label Creation

Item Status
Define MDR based on standard criteria (e.g., WHO) v
Create binary outcome variable (1 = MDR, 0 = Non-MDR) v
Check for class imbalance v

6. Dataset Integration

Item Status
Merge demographic, clinical, and lab data using Patient or Sample ID v
Document merge type (e.g., inner join) v
Validate merge (e.g., % matched, unmatched samples) v

7. Final Dataset Review

Item Status
Confirm variable types (categorical, numeric) v
Generate summary statistics (age range, sex ratio, etc.) v
Store final dataset securely (with date and version) v

8. Documentation

Item Status
Create and maintain data dictionary v
Log all data cleaning and merge steps v
Note hospital-specific biases or peculiarities v
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