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ABSTRACT 

Multidrug-resistant bacterial infections are becoming a big health issue worldwide, owing to the 

emergence of antimicrobial resistance (AMR) which is impairing the efficacy of currently 

available antibiotics. The pathogens most commonly found in the clinical setting, Klebsiella 

pneumoniae (KP) and Pseudomonas aeruginosa (PA), are often linked to high rates of 

antimicrobial resistance and to serious hospital-acquired infections. In the present study, a human-

readable machine learning model was built for predicting resistance to KP and PA as well as 

predicting biomarkers in the meropenem resistance and ciprofloxacin resistance datasets, 

respectively. The performances of the supervised machine learning algorithms were compared 

using the accuracy, precision, recall, F1 score and ROC(Receiver Operating Characteristic) 

AUC(Area Under the Curve). Exemplarily, ensemble-based models such as Random Forest (RF) 

and Extreme Gradient Boosting (XGBoost) had the best predictive power on both datasets. 

Comparative analysis showed that KP has higher predictive stability than PA, suggesting 

differences in the architecture of resistance among the organisms. SHapley Additive exPlanations 

(SHAP) analysis was used to rank the features and prioritize the biomarkers for their biological 

interpretability. Well characterized genes for antimicrobial resistance (e.g. OXA-type 

carbapenemase, KPC-family genes, NDM genes, and aminoglykoside resistance determinants) 

were the most important biomarkers in KP, suggesting the gene-driven resistance mechanism. By 

contrast, PA resistance prediction was linked to proteins involved in regulatory functions, related 

to efflux, membrane associated proteins, transcription regulation and adaptive stress response 

elements, indicating a more diverse and system level resistance profile. These patterns of resistance 

were further confirmed by visualization of biomarkers using heatmap and cross-validated ROC-

AUC analysis, performed within the two organisms. KP had largely clustered AMR signatures and 

good classification performance, while PA had a more variable, but biologically relevant, 

predictive performance. This study shows the importance of explainable AI methods for AMR 

prediction and discovery of interpretable biomarkers, and highlights the fundamental differences 

in resistance mechanisms between KP and PA.  
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CHAPTER 1 

 

INTRODUCTION 

 

1.1 Background  

AMR has been acknowledged as one of the most critical public health problems worldwide in the 

twenty-first century, threatening the efficacy of the usual therapies for infectious illnesses. The 

extensive and usually incorrect use of antibiotics in clinical practice, agriculture, veterinary 

medicine, previous successful antimicrobial treatments. As a result, infections caused by resistant 

microorganisms are becoming increasingly difficult to control, resulting in longer hospitalisation, 

higher healthcare expenses, increased morbidity, and death globally [1], [2]. The bacterial 

pathogens have shown quick adaptation mechanisms that have helped them to acquire resistance 

through many biological routes such as horizontal gene transfer, chromosomal alterations, efflux 

pump activation, enzymatic drug degradation and biofilm formation. Alarming multidrug-resistant 

(MDR) phenotypes have been seen in pathogens such as Escherichia coli, Staphylococcus aureus, 

Klebsiella pneumoniae, Pseudomonas aeruginosa and Acinetobacter baumannii, which pose 

major challenges to healthcare systems worldwide [3], [4]. According to the World Health 

Organization (WHO), antimicrobial resistance is projected to become one of the leading causes of 

death in the coming decades if effective monitoring and intervention strategies are not 

implemented promptly [5]. Traditional antimicrobial susceptibility testing techniques are reliable 

however they are labour challenging, time consuming and culture based laboratory techniques. 
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Due to the establishing availability of genomic, transcriptomic, proteomic and clinical information, 

computational biology remains the primary area of interest to tackle AMR related challenges with 

the use of data driven methodologies [6]. In recent years, tremendous promise of machine learning 

(ML) and artificial intelligence (AI) based techniques in the prediction of antibiotic resistance 

patterns, identification of resistance-related biomarkers and clinical decision support systems has 

been witnessed. Machine learning algorithms can analyze complex multidimensional biological 

datasets and identify hidden patterns that are difficult to detect using conventional statistical 

methods [7]. Supervised learning techniques like RF, Support Vector Machine (SVM), Decision 

Trees, Gradient Boosting and Neural Networks have been widely used for resistance prediction 

and pathogen categorisation [8]. Machine learning models have shown considerable predictive 

capability, however some research have raised concerns about the comprehensibility and 

disclosure of black-box AI systems in biomedical applications. This has led to a growing curiosity 

in XAI that seeks to give interpretable insight into model predictions while keeping predictive 

accuracy [9]. XAI methods increase trustworthiness, repeatability, and clinical application by 

allowing academics and healthcare practitioners to comprehend the significance of biological 

factors to prediction outcomes. Hence, the current work intends to examine the antimicrobial 

resistance pattern of pathogenic microorganisms utilising computational and machine learning 

approaches with an emphasis on the significance of interpretable AI-based frameworks in 

biomedical applications. 

1.2 Emergence of Computational Biology in AMR  

The rise of computational biology has consequently revolutionised current biomedical research by 

merging biological sciences, computer science, statistics, mathematics and data analytics to 

confront complex healthcare challenges such as antibiotic resistance [10].Computational biology 



 14 

approach allows the systematic study of large biological datasets produced by next-generation 

sequencing (NGS), metagenomics, transcriptomics, proteomics and molecular diagnostics. These 

methods have greatly enhanced our knowledge of resistance-associated genes, mobile genetic 

elements, virulence factors and evolutionary adaptations in pathogenic microbes [11]. 

Computational frameworks might help researchers to identify genetic signatures of resistance 

features, track transmission patterns of the pathogens and study biological processes involved in 

antibiotic tolerance. Genome-wide investigations help identify conserved resistance determinants 

and help distinguish resistances and susceptibilities among strains. The Comprehensive Antibiotic 

Resistance Database (CARD), the ResFinder, MEGARes and ARG-ANNOT databases are 

important tools for the annotation of resistance associated genes and their distribution in various 

microbial communities [12], [13]. These datasets have been added to computational pipelines, 

improving resistance monitoring and molecular epidemiology research. Using protein structure 

prediction, molecular docking, and molecular interaction analysis, researchers have been able to 

study the interactions between drugs and targets at the molecular level, and the mutations that are 

responsible for resistance, and how well antibiotics are binding [14]. Combining sequence 

alignment, phylogenetic analysis, feature extraction and statistical modelling in a computational 

pipeline could aid understanding of pathogen evolution and dissemination patterns of resistance 

[15]. In recent years, the role of computational biology has been further consolidated in the field 

of precision medicine and infectious disease control, due to recent developments in computer 

infrastructure, cloud computing and artificial intelligence. The credit is given to the automation of 

the analysis processes, it is possible to deal with vast amounts of biological data, identifying 

resistance features in a very short time and predicting the consequences on the clinical picture [16]. 

Therefore, the development of strong computational frameworks linked with interpretable machine 
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learning models is still needed to improve the reliability and clinical usefulness of AMR prediction 

systems. In this study, computational biology approaches were utilised and algorithms based on 

machine learning were used to investigate resistance linked patterns and to help build explainable 

prediction frameworks for dangerous microbes. 

1.3 Role of Machine Learning in Pathogen Analysis 

The exponential growth of biological and clinical data obtained through contemporary sequencing 

technology has given great prospects for the use of machine learning approaches for pathogen 

analysis and antibiotic resistance prediction. Machine learning approaches can give sophisticated 

computing power to find hidden associations in such datasets and build prediction models with 

better accuracy and scalability [17]. Machine learning is a branch of artificial intelligence that 

enables computational systems to learn patterns from data and make predictions without being 

explicitly programmed for every analytical step. Machine learning algorithms are being used 

increasingly in biomedical research for drug development, genomic categorisation, illness 

diagnosis, biomarker identification, and antibiotic resistance prediction [18]. In antimicrobial 

resistance studies, supervised learning techniques have shown considerable success in predicting 

resistance phenotypes based on genomic and clinical features. Algorithms such RF, SVM, Logistic 

Regression, Decision Trees, K-Nearest Neighbours (KNN), and Gradient Boosting have been 

extensively utilised for the classification of resistant and susceptible bacterial strains [19]. Deep 

learning methodologies have further expanded the scope of pathogen analysis by enabling 

automated feature extraction and representation learning from complex biological datasets. 

Artificial Neural Networks (ANNs), Convolutional Neural Networks (CNNs), and Recurrent 

Neural Networks (RNNs) have shown promising results in genomic sequence analysis, protein 

structure prediction, and resistance gene identification [20]. In clinical microbiology, based on 
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machine learning, rapid resistance prediction algorithms can shorten diagnostic turnaround time 

and enhance evidence-based antibiotic selection, hence minimising wasteful antimicrobial usage 

[21]. Several predictive models function as black-box systems, offering restricted interpretability 

of the variables affecting prediction results. The absence of candour may diminish confidence 

among clinicians and impede the clinical deployment of AI-driven diagnostic applications [22]. 

Furthermore, changes in sequencing quality, overfitting, inadequate sample diversity, and dataset 

imbalance between datasets gathered from different geographic or clinical environments may have 

a negative impact on the ability of the model to execute efficiently. Explainable models give 

interpretable data regarding genetic markers associated to resistance, the role of traits and 

biological processes impacting prediction findings. These strategies enhance the clarity, 

reproducibility as well as reliability of models, which help informed clinical decision making [23]. 

This study emphasises the importance of comprehensibility and rationality in predictive 

biomedical models through the utilisation of machine learning techniques for analysing underlying 

trends in antibiotic resistance in pathogenic bacterial species. 

1.4 XAI in Biomedical Research 

The growing popularity of AI and ML in healthcare and biomedical sciences has significantly 

improved data-driven prediction, diagnosis, and ability to make decisions. Numerous machine 

learning systems operate as black-box models, producing recommendations without adequately 

elucidating their foundational reasoning. In biomedical research, wherein clinical choices may 

significantly impact clinical outcomes, comprehending the rationale behind computer predictions 

is essential [24]. XAI is currently considered a feasible remedy for the interpretability issues 

associated with conventional machine learning techniques. It refers to a collection of 

methodologies and computational approaches designed to improve the transparency, clarity, and 
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interpretability of AI systems for users [25]. Unlike traditional black-box algorithms, explainable 

models enable researchers and clinicians to explore the factors affecting the prediction's results by 

providing knowledge about the consequences of the characteristics of the input. ML techniques 

could be used to identify complex associations with resistant infections based on genomic, 

transcriptomic, proteomic or clinical data; however, without the ability to interpret the process, it 

is difficult to establish biological relevance of such predictions [26]. By emphasising the genes, 

mutations, molecular pathways, or clinical indicators that contribute to resistance estimations, 

explainable AI techniques assist in narrowing this gap. There are many of the most popular XAI 

methods, such as feature importance analysis, SHAP, LIME (Local Interpretable Model-Agnostic 

Explanations), saliency mapping, and attention-based visualization techniques [27]. These 

strategies enable characterisation of the importance of significant biomarkers in the prediction 

models for antimicrobial resistance and allow for a thorough assessment of the behaviour of these 

models. When model predictions are accompanied by explainable reasoning and analytical 

frameworks, the adoption of AI-assisted diagnostic tools by clinicians and healthcare professionals 

is likely to increase [25]. Moreover, explainability is essential for model validation, mistake 

detection, bias assessment, and meeting the requisite requirements in healthcare-oriented AI 

applications. Systems powered by XAI may pave the way for precision medicine by allowing for 

the individualisation of evaluations of disease causes and treatment efficacy [28]. In addition, the 

reliability of model interpretation might be affected by the presence of heterogeneity, noise, and 

missing data in biological datasets [29]. Hence, computational healthcare researchers are actively 

working to create ML frameworks that are both robust and able to be understood by biology. 
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1.5 Research Gap 

The clinical usability and generalisability of current prediction frameworks are still limited by 

several issues, even though computational biology, ML, and studies on antibiotic resistance have 

made significant advances. Nevertheless, most of the models that are presently published prioritise 

predictive performance in the absence of adequately resolving interpretability, biological 

validation, and practical implementation problems [30]. Many machine learning models are 

developed using laboratory-generated data, geographically limited samples, or a few specific 

bacterial species, which may limit their capacity to generalise across diverse clinical populations 

and environmental circumstances [31]. The black-box character of numerous advance machine 

learning and deep learning algorithms represents an additional considerable obstacle. While these 

approaches frequently obtain high predictive precision, they frequently struggle to offer plausible 

hypotheses for the biological parameters which impact the conclusions of resistance prediction 

[32]. Several predictive algorithms have been used to reveal resistance patterns, alongside minimal 

correlation of predictions via fundamental biological processes, resistance-associated genes or 

clinically pertinent biomarkers [33]. Most of the available rationalisation studies are theoretical or 

confined to general healthcare applications, not to infectious disease-specific forecasting 

algorithms [34]. Existing procedures are often structured in a scattered manner and use unique 

analytical equipment and methodologies, which potentially render reproducibility and comparative 

evaluation complex [35].  



 19 

1.6 Project Objectives 

Objective 1 

Antimicrobial Resistance Profiling 

To have an extensive understanding of the trends of antimicrobial resistance of clinically relevant 

bacterial infections and to recognise the features of antimicrobial resistance. 

Objective 2 

Computational and ML-Based Analysis 

To establish and evaluate machine learning models for the prediction of antimicrobial resistance 

by incorporating genomic biomarker datasets that are extracted from resistant and susceptible 

bacterial isolates. 

Objective 3 

Explainable Artificial Intelligence for Biomarker Discovery 

To examine the use of XAI approaches intended to enhance the interpretability, transparency, and 

dependability of ML-based biomedical prediction models for biomarker discovery. 

Objective 4 

Integrated Computational Framework Development 

To develop an all-inclusive computational framework featuring explainable algorithms, machine 

learning, and antibiotic resistance analyses for customised therapeutic applications and more 

effective infection research. 
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CHAPTER 2 

 

LITERATURE REVIEW 

 

AMR has surfaced collectively of the greatest serious global healthcare concerns of the 

contemporary period, impacting the efficacy of traditional antibiotic therapy and augmenting the 

global burden of infectious illnesses. The overuse and misuse of antimicrobial drugs in clinical 

practice, agriculture, veterinary medicine and environmental uses has led to the fast development 

of resistant bacterial strains that can survive numerous antibiotic treatments [36]. The prevalence 

of multidrug-resistant (MDR), extensively drug-resistant (XDR), and pan-drug-resistant (PDR) 

infections is a major problem for the healthcare systems owing to higher levels of morbidity, 

mortality, longer hospitalisation, and high treatment expenses [37]. Bacterial pathogens possess 

remarkable adaptive capabilities that allow them to survive under antimicrobial stress conditions 

through several resistance-associated mechanisms. These mechanisms include enzymatic 

degradation of antibiotics, modification of antibiotic target sites, activation of multidrug efflux 

pumps, reduced membrane permeability, and biofilm formation [38]. Horizontal gene transfer 

mechanisms such as transformation, conjugation, and transduction further facilitate the 

dissemination of antimicrobial resistance genes among bacterial populations [39]. Resistance-

associated mobile genetic elements such as plasmids, transposons and integrons are important for 

the fast worldwide dissemination of resistant bacterial strains in healthcare and environmental 

contexts. The ESKAPE group of pathogens, comprising Enterococcus faecium, Staphylococcus 

aureus, Klebsiella pneumoniae, Acinetobacter baumannii, Pseudomonas aeruginosa, and 

Enterobacter species, has gained considerable scientific attention because of its ability to evade 
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multiple antimicrobial agents [40]. These pathogens are commonly associated with hospital-

acquired infections, bloodstream infections, respiratory tract infections, urinary tract infections, 

and wound infections characterized by poor therapeutic outcomes and high mortality rates. 

Methicillin-resistant Staphylococcus aureus (MRSA), carbapenem-resistant Klebsiella 

pneumoniae, and multidrug-resistant Pseudomonas aeruginosa were identified as significant 

threats in healthcare, demanding urgent action [41]. The therapeutic relevance of standard 

antibiotic susceptibility testing methods, including broth dilution tests, disc diffusion methods and 

culture-based identification systems, in determining bacterial resistance profiles continues to exist. 

However, such processes are often cumbersome, time-consuming and dependent on regulated 

laboratory environments [42]. Inadequate knowledge of resistance patterns could end up in the 

incorrect use of antibiotics and insufficient therapeutic intervention in the initial phase of illness. 

As a result, there is an increasing need for computational and AI-based approaches that might 

understand biological data and predict trends of antimicrobial resistance more efficiently and 

effectively. The advent of NGS technology has transformed the discipline of infectious disease 

research by establishing large genomic data sets that could provide insights into microbial 

diversity, evolutionary linkages, resistance-associated mutations and virulence determinants [43]. 

Whole-genome sequencing, metagenomics, transcriptomics, proteomics and metabolomics have 

substantially broadened the scientific understanding of microbial illness and resistance evolution. 

The genomic sequencing methods deliver the thorough characterisation of the resistance-

associated genes, mobile genetic elements and bacterial adaption procedures contributing to the 

development of antibiotic resistance [44]. The rapid growth of biological datasets has accelerated 

the integration of computational biology and bioinformatics into antimicrobial resistance research. 

Computational biology is a field which incorporates biology, statistics, mathematics and computer 
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science with the aim of analysing and interpreting massive amounts of biological data [45]. 

Bioinformatics pipelines like as genome assembly, sequence alignment, phylogenetic analysis, 

molecular docking, structural modelling and network biology have now become indispensable 

tools to study microbial evolution and patterns of resistance propagation. These computer tools 

may be used to effectively analyse multidimensional biological datasets which are challenging to 

comprehend by standard laboratory procedures alone. Several public bioinformatics resources 

have greatly aided the monitoring and genetic study of antibiotic resistance. Databases like CARD, 

ResFinder, ARG-ANNOT, Pathosystems Resource Integration Center (PATRIC) and MEGARes 

provide curated collections of resistance-associated genes, virulence determinants, resistance 

phenotypes, and genomic annotations which are useful for computational studies [13]. Such 

databases would allow fast identification of resistance-associated biomarkers and would also be 

helpful for comparative genomic research across different bacterial species. The integration of 

computational processes with genetic databases has greatly enhanced the surveillance of antibiotic 

resistance and epidemiological studies. ML has become one of the greatest transformational 

computational techniques in biomedical and healthcare studies as the consequence of its capacity 

to recognise nonlinear patterns and concealed relationships within complex multivariate datasets 

[46]. ML algorithms enable computational systems to learn predictive patterns from biological and 

clinical data without requiring explicit programming for each analytical task. ML has shown great 

value in healthcare, especially in illness diagnosis, biomarker identification, drug development, 

precision medicine, genomic analysis and prediction of antibiotic resistance. Supervised machine 

learning methods are often used in research for predicting antimicrobial resistance, which use 

labelled datasets with established resistant phenotypes [47]. The RF methods are extremely helpful 

due to tolerance against over-fitting and productivity in processing high-dimensional biological 
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information. Likewise, SVM models have shown good predictive performance in genomic 

categorisation and resistance prediction tasks using complicated sequence-based characteristics 

[48]. Despite their simplicity, interpretability and low training time, Logistic Regression or 

Decision Tree algorithms are still useful in a binary classification problem. Further improvement 

in prediction has been achieved by combining multiple weak learners into an extremely powerful 

predictive framework, including Ensemble learning approaches like Gradient Boosting, AdaBoost, 

or XGBoost [49]. The techniques have been shown to enhance the classification accuracy in the 

investigations of antibiotic resistance prediction and pathogen identification. Additionally, the 

machine learning workflow is commonly accompanied by feature selection methods and/or 

dimensionality reduction methods like Principal Component Analysis (PCA) in order to enhance 

the efficiency of the model and decrease the complexity of the computation. In computational 

biology and biomedical research, deep learning methodologies have expanded the analysis power 

of machine learning methods. ANNs are used to imitate the link between neural networks that can 

construct hierarchy of complex biological information [50]. The CNNs has been widely used in 

protein structure prediction studies, genomic sequence analysis, and biological image 

classification. RNNs and architectures of Long Short-Term Memory (LSTM) have proven to be 

extremely effective for sequential biological data processing, temporal illness forecasting and 

genome pattern recognition [51]. There is evidence of superior effectiveness of deep learning 

frameworks for tackling complex classification problems in the literature, such as estimating 

antibiotic resistance [52]. The automated feature extraction abilities of deep learning algorithms 

lessen the need on human feature engineering and increase the analytical performance for high 

dimensional biological datasets. Deep learning algorithms have also demonstrated interesting 

applications in the biomarker identification, pathogen categorisation, outbreak prediction and 
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personalised medicine systems. Despite tremendous advances in AI based biomedical prediction 

systems, there remain important limits in the interpretability and transparency of these systems in 

the context of healthcare. Many state-of-the-art predictive models are black-box systems, which 

provide extremely accurate outputs, but do not provide intelligible explanations about the 

underlying prediction processes [53]. In clinical healthcare environments, lack of interpretability 

may reduce clinician trust, hinder regulatory acceptance, and limit adoption of AI-assisted 

diagnostic systems. Consequently, XAI has developed as an essential research field that aims to 

improve the transparency, interpretability and trustworthiness of machine learning predictions 

[54]. XAI techniques are designed to offer comprehensible insights on model behaviour via 

recognising important factors affecting the prediction findings. Such approaches facilitate 

biological validation of computational predictions and improve understanding of complex machine 

learning systems used in biomedical research. SHAP analysis is among the most widely utilized 

explainability approaches in biomedical ML applications [55]. SHAP uses collaborative game 

theory to determine the importance of individual attributes to model predictions. This allows for 

the discovery of resistance-associated biomarkers, medically relevant mutations and key genetic 

factors that affect the prediction frameworks of antibiotic resistance. Similarly, LIME is a method 

that creates local surrogate models, which can explain certain prediction scenarios, and enhance 

the interpretability of complex machine learning models [56]. Additionally, other explainability 

methods such as saliency mapping, Grad-CAM visualization, feature attribution analysis, and 

attention mechanisms have proven to be highly useful in biomedical AI systems [57]. These 

techniques enable analysis of biologically significant correlations in genomic and clinical datasets 

whereas boosting transparency of prediction frameworks. In clinical care, explainability 

techniques are particularly important because clinical decisions rely on accurate clinically 
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interpretable and physiologically validated computational predictions. The use of explainable 

artificial intelligence in antimicrobial resistance research has shown remarkable potential to 

improve the accuracy and dependability of predictive biological systems [58]. Interpretable 

machine learning frameworks may benefit precision medicine applications by improving trust in 

susceptibility to antibiotics prediction models and supporting personalised treatment making 

decisions. Explainability also helps to uncover physiologically important resistance-associated 

traits and to validate computational results with known molecular procedures. In recent years, 

artificial intelligence-driven healthcare systems have increasingly contributed toward precision 

medicine and personalized healthcare applications. Precision medicine involves tailoring 

diagnostic and therapeutic strategies according to patient-specific genetic, molecular, and clinical 

characteristics [28]. ML and XAI technologies may be used to integrate multifaceted biological 

information and build personalised predictive models for improved illness diagnosis, prediction of 

therapy response, and clinical decision-support tools. Computational methods are additionally key 

in infectious disease monitoring and in epidemiological modelling. ML frameworks may be used 

to analyse large-scale medical care and genomic information to detect emergent resistance trends, 

outbreak-related clusters, and pathogen transmission processes [59]. AI-powered monitoring 

systems might enhance early identification of resistant strains of bacteria and enhance 

antimicrobial administration measures to reduce improper antibiotic use. Computational biology 

and machine learning are still at the forefront of present-day antibiotic resistance research, but 

there has been a resurgent scientific interest in alternative treatment techniques, including 

bacteriophage therapy, in response to the mounting resistant challenge. Bacteriophages are viruses 

that infect and lyse bacterial cells via very precise host-pathogen interactions [60]. The narrow 

host's specificity of phages allows the accurate elimination of pathogenic microbes as well as the 
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retention of favourable microbiota assemblages, thus decreasing the danger of microbial dysbiosis 

caused by the use of broad-spectrum antibiotics. ML and bioinformatics techniques have recently 

been applied in computational analysis to forecast bacteriophage-host interactions and to fine-tune 

the selection of phages for use in antibiotics [61]. Genomic-similarity based predictive models, 

receptor binding proteins, Clustered Interspaced Short Palindromic Repeats (CRISPR) sequence 

analysis based and sequence-derived models have enabled the identification of promising 

therapeutic phages against MDR bacterial communities. These computational methods might be 

applied to future personalised treatment with phages and to precision antimicrobial treatment. 

Computational biology, ML and XAI have come a long way, but there are still many limitations 

on biomedical prediction systems. Important issues in the field of anti-microbial resistance 

prediction still remain, such as data imbalance, variability in sequencing methods, potential model 

over-fitting, poor clinical validation and the absence of a standardised computational pipeline [62]. 

Similarly, explainability techniques may sometimes introduce additional computational 

complexity and require careful interpretation in highly multidimensional biological systems. Thus, 

the multi-disciplinary approach involving computational biology, ML, XAI, and improved 

antibiotic therapy looks extremely promising for handling the coming challenges of antibiotic 

resistance. Future advances in genomic sequencing technologies, interpretable AI systems, 

biomedical data analysis and precision medicine are expected to dramatically improve the 

management of infectious diseases and to facilitate the establishment of next-generation predictive 

medical facilities that can better combat multidrug-resistant pathogenic bacteria. 

 

  



 27 

CHAPTER 3 

 

MATERIALS AND METHODOLOGY 

 

3.1 Research Methodology 

In this research, the objective is to analyze the patterns of antibiotic resistance of pathogens using 

ML and XAI techniques. The methodical strategy focused on the development of a transparent and 

physiologically relevant prediction algorithm, combining the use of computational biology, 

supervised machine learning algorithms and interpretable AI methods. The methodology adopted 

in the study was a series of consecutive steps, namely: Acquiring the dataset, Preprocessing the 

data, Feature engineering, Building a standard machine learning model, Analysis of explainability, 

and Analysis of performance and comparison of standard predictive models. Predictive accuracy 

and interpretability were particularly stressed, in that AI systems for healthcare require transparent 

decision-making systems to allow for reliable biomedical analysis [63]. The principal techniques 

employed for data analysis of the resistance associated and to identify resistance associated and 

susceptibility patterns were the computational approaches. The computational approaches were 

primarily used for data analysis of the resistance associated data and for identification of resistance 

associated and susceptibility patterns on the microbial strains. To improve transparency and clarity 

of the prediction results, XAI procedures were applied and the machine learning algorithms were 

trained and tested on the processed data. This resulted in the creation of an intellectual framework 

that would enable the development of an entire computational pipeline, optimized for both 

prediction of antimicrobial resistance and biological decision-support applications. 
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3.2 Dataset Acquisition 

These data were used in the current study: Biological and clinical data from publicly available 

biomedical archives, including data on antibiotic resistance; Specialised research data on 

pathogenic microbes. Collected datasets contained data about microbiological resistance, 

phenotypic susceptibility, as well as data about the genome and labels for supervised machine 

learning prediction tasks. Data sets have been extracted based on their biological relevance, 

availability, and the content and applicability of the data for ML studies on resistance. Data 

acquisition was carried out to enable good representation of resistant and susceptible microbial 

samples needed for predictive classification modelling. Public biological repositories and 

antibiotic resistance databases allow to have defined datasets which are widely used in 

computational biology research to enable the comparative comparison and repeatability of 

machine learning operations [64]. Collected data comprised multi-dimensional biological data, 

with both category and numerical data for antimicrobial resistance characteristics. The datasets 

were a fundamental prerequisite for the research undertaken for preprocessing, feature extraction, 

predictive modelling and explainability analysis. 

3.3 Data Preprocessing 

Data preparation was one of the most important parts of the computational workflow as raw 

biological data may contain value gaps, duplicate records, inconsistent data, or background noise 

that can affect the predictive model's accuracy [65]. Proper pre-processing optimises data quality, 

increases computing efficiency and adds substantially towards model dependability and 

generalisability. The pre-processing step is the process of performing several operations as 

illustrated in (Fig. 1). 
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Fig. 1- Data Preprocessing Workflow 

 
Suitable data preprocessing methods were utilized to handle missing values following the dataset 

parameters properties and distribution. The numerical variables were standardized to minimize 

their variance and improve the training procedure of machine learning models. In biomedical ML 

pipelines, standardisation and normalisation methods are of particular importance as there may be 

important variations in the attributes of the features, which could affect the prediction algorithms 

[66]. Label and one-hot encoding techniques were used to convert categorical biological 

parameters to machine-readable numerical formats. Data transformation procedures were also 

applied to ensure consistency of computation throughout the entire training and validation process 

of the models. The data set was then split into training and testing sets to enable unbiased 
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assessment of the model performance. Data splitting is crucial to reduce overfitting and enhance 

predictive generalization on unseen data samples [67]. 

3.4 Feature Engineering and Feature Selection 

Feature engineering was performed to extract biologically relevant information from the processed 

datasets and improve predictive efficiency of machine learning models. Biomedical datasets 

frequently contain high-dimensional variables that may include redundant, irrelevant, or correlated 

features capable of negatively influencing classification performance [68]. Therefore, feature 

engineering and feature selection are important for improving robustness, computing efficiency 

and interpretability of the model. Traits related with antimicrobial resistance were identified based 

on biological relevancy, statistical value, and effect on predictive results. The feature engineering 

procedure included the translation and optimisation of dataset variables to improve machine 

learning performance and enable the detection of significant biological correlations. Feature 

selection methods were used to minimise the dimensionality of the data collection and to exclude 

the non-contributing variables. The reduction of unnecessary information may increase computing 

performance and reduce overfitting during model training methods [69]. Dimensionality reduction 

methods comprising PCA if applicable was addressed to strengthen the visualisation of attributes 

and minimise the complex nature of high dimensional biological datasets. The feature engineering 

phase was thus of great importance in increasing predictability, stability, the readability of a model, 

and the biological significance of the utilised computational framework. 
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3.5 Machine Learning Model Development 

The present study utilized supervised machine learning methodologies for antimicrobial resistance 

prediction and pathogen classification. Supervised learning algorithms were selected because the 

acquired datasets contained labeled resistance-associated outcomes suitable for classification-

based predictive analysis [70]. 

Several machine learning algorithms were implemented and comparatively evaluated during the 

study, including: 

• Random Forest  

• Support Vector Machine  

• Logistic Regression (LR) 

• Decision Tree (DT) 

• Gradient Boosting-based approaches 

To accomplish this, the Random Forest algorithms were implemented since they are highly 

resistant to overfitting and can effectively manage multidimensional biomedical datasets [71]. The 

machine learning framework used for antimicrobial resistance prediction. The optimized dataset 

was divided into training and testing subsets, followed by implementation of Random Forest, 

Support Vector Machine, LR, DT, and Gradient Boosting models for comparative predictive 

analysis and performance evaluation (Fig. 2). Random Forest models use various decision trees to 

provide highly consistent ensemble predictions, thus boosting classification precision and 

lowering error in prediction due to variation. SVM algorithms were used that are effective in 

nonlinear classification operations employing multidimensional genomic and phenotypic 

information [72]. The SVM models calculate the optimal hyperplanes that can separate classes of 

resistant and vulnerable and maximise the margin of separation. Also, LR techniques were applied 
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owing to their straightforwardness, interpretability and statistical effectiveness in binary 

classification tasks typically seen in antibiotic resistance prediction research [73]. Decision Tree 

models were similarly employed because they provide interpretable prediction pathways useful 

for understanding feature-based decision structures. Gradient Boosting and ensemble learning 

methods were examined owing to the potential to enhance predicted accuracy via repeated 

optimisation and the amalgamation of many weak prediction models [74]. Ensemble methods are 

very beneficial in biomedical machine learning research that entails intricate nonlinear interactions 

among biological factors. 

 

Fig. 2- Machine Learning Architecture for Antimicrobial Resistance Prediction 

 

3.6 Model Training and Validation 

The machine learning models were trained on the processed training dataset and verified utilising 

independent validation datasets to objectively assess predicted performance. Cross-validation 

methods were used during model construction to reduce prediction bias and strengthen 

generalisability to unknown data sets [75]. K-fold cross-validation techniques were used to 

enhance model resilience and mitigate variability linked to random dataset segmentation. Cross-

validation methods are extensively used in biomedical machine learning studies since they enhance 

the dependability of prediction performance assessment and mitigate the dangers of overfitting 
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[76]. Hyperparameter optimisation approaches were also used when suitable to increase 

classification efficacy and computational reliability of the prediction models by optimizing the 

parameters like tree depth, learning rate, regularisation parameters and kernel functions, the 

prediction efficiency and dependence of the model have been enhanced. The training and 

validating methodology ensured that the computational models generated had predictive validity 

and were generalisable in various situations involving different types of datasets. 

3.7 XAI Framework 

In the present work, the study used XAI methods to enhance the transparency, interpretability and 

trustworthiness of antimicrobial resistance prediction models based on machine learning. The 

Explainable Artificial Intelligence framework employed for interpreting machine learning 

predictions (Fig.3). Explainability is of critical importance in healthcare-oriented usages for 

artificial intelligence considering that biomedical decision-making is based on interpretable as well 

as biologically significant prediction outcomes [9]. SHAP analysis was the main method used in 

this research to analyse feature relevance and determine the contribution of different variables 

affecting the outputs of standardised predicting models. SHAP analysis depends on cooperative 

game theory and offers local as well as global interpretability of intricate machine learning systems 

[27]. SHAP values permitted us to determine physiologically meaningful variables correlated with 

antibiotic resistance outcome predictions. This enhanced comprehension of model behaviour and 

interpretation of the associations between the biological factors and categorisation predictions. 

Feature significance visualisation and interpretability-based studies were also undertaken to assess 

the impact of resistance-related factors on the decision-making processes of the models. 

Explainability techniques enhance transparency and help validate computational predictions 
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contrary to known biological systems [32]. Biomedical machine learning systems for XAI enhance 

the credibility, reusability and clinical usefulness of predictive computational systems. 

 

Fig. 3- Explainable AI Workflow for AMR Prediction 

 

3.8 Performance Evaluation Metrics 

Multiple classification and statistical performance measures frequently used in biomedical 

artificial intelligence research were applied to assess the predictive ability of the machine learning 

models developed [77]. Several evaluation metrics were used to provide an in-depth analysis of 

the correctness of classification and the reliability of prediction. 

The following parameters were taken into consideration when evaluating:  

• Accuracy 

• Precision 

• Recall (Sensitivity) 

• Specificity 
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• F1-Score 

• Receiver Operating Characteristic Curve 

• Area Under the Curve  

Accuracy was used to evaluate the overall accuracy of the model's prediction for resistant and 

susceptible categories. The recall was used to measure the number of true positive resistant cases 

the model could identify, while the precision measure was the number of cases correctly predicted 

[78]. F1-score gave a balance between precision and recall, which is essential for potentially 

imbalanced biomedical datasets. ROC analysis and AUC evaluation were also performed for the 

machine learning models to assess the models' classification discrimination capability and also 

overall predictive robustness. The performance measures allowed for the comparison of multiple 

machine learning approaches and helped in finding the best and most correct prediction model for 

analysing antibiotic resistance. 

3.9 Computational Tools and Software Environment 

During this study, computational analysis has been performed in Python-based programming 

environments and using machine learning libraries that are commonly used in computational 

biology research and biomedical data science [79]. The Python programming language was 

selected primarily for its extensive scientific computation support, flexibility, and the existence of 

sophisticated machine learning as well as data visualisation frameworks. 

Several computational libraries and software packages were used, such as: 

• NumPy 

• Pandas 

• Scikit-learn 

• Matplotlib 
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• Seaborn 

• SHAP 

• TensorFlow/Keras (where applicable) 

These specialized libraries allowed for efficient layout of initial processing pipelines, feature 

engineering, predictive modelling and analysis of model performance and feature significance 

distributions graphically. Data visualisation methods were used to visualise the classification 

results, confusion matrices, ROC curves, feature significance scores and explainability analyses 

incorporated into the research to present them in an interpretable and scientifically relevant way. 

3.10 Overall Computational Workflow 

The following sequential stages were involved in the overall computational workflow carried out 

during the present study (Fig.4). The integrated methodological framework allowed to 

systematically study patterns of antimicrobial resistances, while highlighting the interpretability, 

transparency and computational robustness of predictive biomedical models. 

 

Fig. 4- Computational Workflow for Antimicrobial Resistance Prediction 
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CHAPTER 4 

 

RESULTS 

 

4.1 Overview of Experimental Analysis 

In the current research, we aimed to develop and test computational frameworks that utilize ML 

and XAI to predict antibiotics resistance and analyse antibiotic usage patterns, respectively. Major 

supervised machine learning techniques were developed and evaluated for their classification 

capability and the reliability and understandability of their prediction results with the antibiotic 

resistance data sets analysed. Experimental investigation encompassed sequential pre-processing 

processes, feature engineering, model training and validation, performance comparison and 

explanation analysis. A primary aim of the outcomes analysis was to define the best predictive 

framework for categorising antimicrobial resistance. Additionally, maintaining the integrity and 

interpretability of model predictions was accomplished by the implementation of the XAI 

techniques [9]. The results of the conclusions indicate that the obtained results have great potential 

to use the machine learning computational tools in analysing the multidimensional biomedical 

information and identify the physiologically meaningful antibiotic resistance linked patterns. 

Furthermore, adopting XAI improved understanding of the contribution of features to the results 

of the prediction. 

4.2 Dataset Processing and Preprocessing Outcomes 

Antimicrobial resistance associated datasets were extracted are characterized by the presence of 

missing data, duplicated data, data formatting inconsistencies, and varying distributions of the 

variables. Therefore, data quality and computational appropriateness have been enhanced by 
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preparing the data prior to using the model. Duplicate records and inconsistencies across the 

dataset were resolved by using data cleaning strategies. Insufficient data were processed utilising 

suitable preprocessing techniques according to the characteristics as well as distribution trends of 

the variables. To ensure uniformity across the machine learning processes, and to alleviate 

computational bias based on the feature variance, numerical variables were normalised and 

standardised [65]. Label encoding and One Hot encoding were used to encode categorical variables 

that were associated with microbial resistance profiles and biological classifications. These pre-

processing steps were found to be appropriate for the machine learning approach and allowed the 

successful computational analysis of the datasets. Preprocessing of the dataset resulted in increased 

consistency of the structure and reduced noise, thereby improving the suitability of the dataset for 

the training and evaluation of predictive models. Processed datasets were then partitioned into 

training and testing sets for classification analysis and evaluation of classification performance. 

4.3 Feature Engineering and Feature Selection Results 

The effectiveness and interpretability of the machine-learning models used were enhanced through 

feature engineering and feature selection. The first data sets were high dimensional variables that 

had both biological and computational meaning. Feature selection algorithms decreased the 

dimensional complexity by removing duplicate as well as inadequate contributing variables while 

keeping the physiologically relevant antimicrobial resistance linked characteristics [69]. The 

optimized feature set improved computational efficiency and reduced risks associated with model 

overfitting during training procedures. The feature engineering technique discovered some very 

informative factors that add greatly to the classification performance. SHAP-based feature 

prioritisation identified several highly impacting antimicrobial resistance genes that contributed 

considerably towards the predicted occurrence of carbapenem resistance in Klebsiella pneumoniae 
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(Fig.5). The biological variables related to resistance showed a substantial predictive effect across 

multiple machine learning models, demonstrating their relevance in the antimicrobial resistance 

classification tasks. SHAP feature importance analysis further demonstrated that several 

transporter-associated, membrane-associated and regulatory biomarkers contributed substantially 

towards ciprofloxacin resistance prediction in Pseudomonas aeruginosa (Fig. 6). Dimensionality 

reduction and feature optimisation increased visualisation and interpretability of model outputs, 

therefore leading to greater effective deployment of XAI analysis. 

 

Fig. 5- Top SHAP-prioritized KP resistance biomarkers 
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Fig. 6- Top SHAP-prioritized PA resistance biomarkers 

 

4.4 Machine Learning Model Performance Analysis 
Multiple supervised machine learning algorithms were implemented and comparatively evaluated 

for antimicrobial resistance prediction and pathogen-associated classification analysis. The 

evaluated models included: 

• Random Forest  

• Support Vector Machine  

• Logistic Regression  

• Decision Tree  

• Gradient Boosting-based models 

Predictive accuracy, robustness and classification capabilities were assessed using separate testing 

datasets, where the processed datasets were used to train each model. The Random Forest model 

has good classification performance because to ensemble learning capabilities and the capacity to 

prevent overfitting [71]. The model achieved good results on multidimensional biological datasets 
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and provided reliable classification results of resistant and susceptible microbial samples. RF also 

allowed for better interpretability of feature relevance compared to some traditional black-box 

prediction techniques. SVM techniques showed a good predictive ability as well, notably for 

nonlinear classification problems with complicated resistance related data [72]. The SVM model 

could find the optimal decision boundary between resistant and susceptible classes with high 

classification precision and sensitivity. LR models provided a relatively interpretable classification 

output and efficient performance for the binary resistance prediction tasks. LR models provided 

reasonable classification reliability and computational efficiency, however they were relatively 

simpler compared to ensemble and deep learning methods [73]. DT models showed moderate 

predictive capabilities, and they also gave very interpretable decision paths good to understand the 

classifications behavior based on the features. The interpretability of Decision Trees contributed 

positively toward biological understanding of resistance-associated predictive variables. Gradient 

Boosting and ensemble-based techniques resulted in better predictive equilibrium and 

classification performance owing to repeated optimisation of inadequate predictive learners [74]. 

Comparative evaluation of the implemented machine learning algorithms demonstrated variability 

in predictive efficiency across KP and PA datasets, where ensemble-based classifiers exhibited 

comparatively superior performance metrics (Fig. 7). The methods were efficient in minimising 

the errors of prediction and strengthening the resilience of the model broadly for classification 

analysis. For the classification performance, the performance comparison of machine learning 

models showed that ensemble learning methods significantly outperformed straightforward linear 

models. However, less complicated interpretable models had merits in terms of clarity and 

explanation of the predicted results. 
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Fig. 7- Comparative performance analysis of KP and PA machine learning models 

 

4.5 Classification Performance Metrics 

The predictive performance of the implemented machine learning models was evaluated using 

multiple statistical and classification metrics commonly utilized in biomedical machine learning 

research [77]. These included: 

• Accuracy 

• Precision 

• Recall (Sensitivity) 

• Specificity 

• F1-Score 

• Receiver Operating Characteristic Curve 

• Area Under the Curve  



 43 

The built models showed good as a whole classification performance for antimicrobial resistance 

prediction requirements. Accuracy metrics demonstrated that the resistant microbial samples could 

potentially be predicted precisely with comparatively low false positive predictions. Both the 

sensitivity as well as recall evaluations proved that predictive models were able to predict a 

significant number of true resistant cases in the dataset. The ROC-AUC analysis indicated good 

discrimination capability of the predictive model for KP resistance with the high sensitivity and 

specificity properties in all the validation folds (Fig. 8). The most significant clinical implication 

of antimicrobial resistance prediction is the impact of failing to identify resistant pathogens, which 

may be heavily influenced by the recall value, especially for high values [78]. When using F1-

score study, the assessment was balanced between accuracy and recall, crucial for a biological data 

set that may contain class imbalance. The cross-validated ROC-AUC analysis of the PA dataset 

revealed moderate, but biologically meaningful discriminatory power with a relatively small 

number of samples and variable distributions of resistance-associated biomarkers across the 

samples (Fig. 9). In general, the ensemble machine learning models achieved higher F1-score than 

the simpler linear classification models. ROC analysis and AUC evaluation further demonstrated 

strong discrimination capability of the predictive models. High AUC values indicated improved 

ability of the implemented machine learning frameworks to differentiate resistant and susceptible 

microbial samples effectively [80]. 
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Fig. 8-Cross-validated ROC-AUC curve for KP resistance prediction 

 

 

Fig. 9-Cross-validated ROC-AUC curve for PA resistance prediction 

 

4.6 Explainable Artificial Intelligence (XAI) Results 

XAI approaches were included in the computational process to boost the interpretability and 

transparency of machine learning predictions. The main explainability framework employed was 
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SHAP for determining feature contributions and finding physiologically relevant prediction factors 

[55]. SHAP study effectively revealed key antimicrobial resistance-associated variables impacting 

the outputs of machine learning models. The resulting SHAP values determined the contribution 

of different variables towards prediction results and hence improved comprehension of model 

behaviour and categorisation reasoning. Through global explainability analysis, it was shown that 

various biological and resistance related parameters consistently contributed heavily towards the 

categorisation predictions across several machine learning models. SHAP summary visualization 

identified several clinically relevant antimicrobial resistance genes including OXA-family 

carbapenemases and efflux-associated determinants that strongly influenced KP resistance 

categorization outcomes (Fig. 10). Features relevant to microbial resistance positively impacted 

the result of resistant categorisation, whereas features relevant to susceptibility adversely 

contributed to the prediction of resistance. Furthermore, local explainability analysis allowed the 

interpretation of individual prediction instances, thereby boosting the transparency and 

interpretability of patient-specific or sample-specific categorisation results [29]. Such 

interpretability is particularly valuable in healthcare-oriented machine learning systems where 

clinicians require understandable and biologically meaningful decision-support mechanisms. 

SHAP analysis produced feature significance visualisations that enhanced the transparent nature 

of prediction models and allowed for confirmation of computational results against known 

biological pathways of antibiotic resistance. The SHAP interpretability framework demonstrated 

that ciprofloxacin resistance prediction in PA was influenced by multiple adaptive regulatory, 

transporter-associated and membrane-associated biological features contributing variably towards 

model output behaviour (Fig. 11). 
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Fig. 10- KP SHAP summary plot for resistance prediction interpretability 

 

 

Fig. 11-PA SHAP summary plot for resistance prediction interpretability 
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4.7 Comparative Analysis of Machine Learning Models 

The comparison-based assessment of the applied machine learning algorithms revealed 

considerable disparities in predictive power, computational complexity and interpretability 

features. The ensemble learning architectures comprising RF and Gradient Boosting techniques 

typically showed higher prediction accuracy and classification resilience [49]. Such models could 

perform well with multi-dimensional biomedical data and minimise prediction errors resulting 

from variation. The SVM techniques are found to be good classifiers on the nonlinear resistance 

related datasets, but the parameters should be carefully optimised to obtain better prediction 

performance. LR and DT methods showed comparable lower predictive complexity and gave eases 

interpretability and computational simplicity. The results presented the incorporation of XAI, 

which showed that the ensemble learning methods, even though showing promising in predicting 

the outcomes, learned a great deal from explainability analysis to make the outcomes of 

categorisation more transparent. The use of SHAP-based feature interpretation enhanced 

understanding of the prediction behavior of the different models implemented for the most 

important biological variables. The study revealed that using high-performing ML models in 

tandem with XA) frameworks is an effective approach to building accurate and understandable 

antibiotic resistance prediction systems. 

4.8 Visualization and Interpretability Outcomes 

Throughout the investigation visualisation tools were used to enhance the interpretability and 

portrayal of the prediction outputs. Confusion matrix, ROC curve, feature significance plot, and 

SHAP summary plot were used for evaluating classification performance and interpretability of 

ML models. The results of a confusion matrix analysis were used to show good classification of 

resistant and susceptible microbial samples and to identify the distributions of true-positive, false-
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positive, true-negative and false negative predictions [81]. The predictive frameworks also showed 

good discrimination with ROC curve visualizations. Using SHAP summary plots and feature 

contribution visualisations, it becomes easy to see how physiologically relevant factors contribute 

to the results of predictions concerning antimicrobial resistance. There is a growing focus on 

visualization-based explainability that has helped develop and improve the interpretability of 

prediction frameworks, in addition to understanding feature-driven categorisation approaches. The 

use of visualisation methods helped so greatly to improve the transparency, repeatability and 

interpretability of machine learning powered biomedical prediction frameworks. Overall, the 

findings obtained in the current research revealed that machine learning and XAI approaches are 

excellent computational frameworks for the prediction of antibiotic resistance and the 

identification of pathogen-associated patterns. Ensemble learning methods showed good 

prediction and better classification resilience for multidimensional biomedical data. The use of 

XAI boosted the interpretability and transparency of predicted results by pinpointing 

physiologically important antibiotic resistance-associated characteristics that impacted model 

behaviour. The results also revealed that the interpretable machine learning frameworks may be 

very useful for precision medicine, antimicrobial stewardship, as well as AI-assisted healthcare 

systems. Thus, the merging of computational biology, machine learning and explainability 

methods constitutes a viable multidisciplinary approach for future research on antibiotic resistance 

and medically predictive applications. 
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CHAPTER 5 

 

DISCUSSION 

 

This research investigated the use of machine learning and XAI approaches for predicting 

antibiotic resistance and analysing pathogen-associated patterns. The outcomes proved that 

computational intelligence techniques have a tremendous potential to be applied in analysing 

biological information in various dimensions and making accurate predictions in the field of drug 

resistance research. The use of explainability frameworks improved the transparency and 

interpretability of predictive systems, thereby boosting their potential application in the biomedical 

and healthcare contexts. The worrying trend of antimicrobial resistance has led to a pressing need 

for fast, accurate and easy-to-interpret prediction models that can aid in the management of 

infectious diseases and in antimicrobial stewardship [1]. The conventional AST techniques are 

clinically indispensable but remain dependent on conventional laboratory procedures which are 

time-consuming and may delay treatment during critical stages of disease [42]. The present work 

illustrates the potential of using computational methods focused on machine learning to markedly 

improve analytical efficiency and timely warning of patterns of resistance based on 

multidimensional biological data sets. The preprocessing and feature engineering process during 

the study significantly improved the stability of prediction and computational efficiency of the 

machine learning models implemented. Biomedical data often includes mixed-type variables, 

missing values, data inconsistencies, and redundancy that can have a detrimental impact on model 

performance [65]. However, suitable data preprocessing and feature optimization still need to be 

done to enhance the quality of the data, optimize the computational complexity and minimize the 
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risk of model overfitting. The effective use of preprocessing processes in this research boosted the 

fundamental uniformity of the datasets and boosted predicted appropriateness for classification 

analysis. Feature engineering and feature selection investigations suggested that a number of 

antimicrobial resistance-associated factors were substantial contributors to the prediction results 

across several machine learning models. This conclusion corresponds to line with prior work 

which has shown that the retrieval of physiologically relevant features considerably enhances 

classification efficacy in biomedical machine learning based applications [68]. The removal of 

unnecessary variables also enhanced interpretability and enabled a more effective implementation 

of explanation-based analysis. Among the implemented machine learning algorithms, ensemble 

learning approaches such as Random Forest and Gradient Boosting demonstrated comparatively 

superior predictive performance and classification robustness. These results coincide with earlier 

antibiotic resistance prediction research demonstrating high classification accuracy of ensemble-

based procedures for multidimensional biological datasets [19]. Ensemble learning techniques are 

able to combine a number of weak predictive learners which in turn reduces the variance associated 

mistakes and enhances the generalisation power across several unobserved data samples . Random 

Forest methods have shown to have a great power to anticipate resistance, while at the same time 

keeping somewhat enhanced interpretability compared to very sophisticated deep learning 

frameworks. The use of the Random Forest models was advantageous for their resistance to 

overfitting and their ability to make good classifications from high-dimensional datasets that 

culminated in stable classification results [71]. The Support Vector Machine models also exhibited 

good performance for nonlinear resistance related data sets, as previously shown for genomic and 

biological classification data sets to be suitable for classification tasks [72]. There are simpler 

machine learning methods like Logistic Regression and Decision Trees, which have lower 
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complexity in their predictions, but these methods had a few advantages, in terms of transparency 

and computational interpretability. Specifically, Decision Tree models came up with interpretable 

routes of classification according to characteristics, which aided with biological understanding of 

how predictions were generated. Such interpretability is very valuable in biological applications 

since physicians want comprehensible computational decision support systems [73]. Deep learning 

approaches have shown remarkable prediction performance for a variety of biological use cases 

employing genomic and imaging data [18]. However, more sophisticated brain architectures tend 

to behave as black-box systems, offering minimal explanation about underlying principles of 

decision-making. In healthcare-oriented organisations, the dearth of transparency may erode 

physician trust and hinder the use of AI-assisted diagnostic technologies. Thereby, the need of the 

incorporation of Explainable Artificial Intelligence methods has emerged to improve the 

transparency, interpretability, and reliability of machine learning-based healthcare systems. The 

assessment of Explainable Artificial Intelligence conducted in the current research proved to be 

very useful in increasing the comprehension of feature contributions impacting prediction results. 

SHAP analysis successfully identified biologically significant variables associated with 

antimicrobial resistance prediction and quantified their influence on classification decisions [27]. 

The feature significance distributions produced increased interpretability of machine learning 

outcomes and allowed confirmation of computational predictions against physiologically relevant 

antibiotic resistance-associated pathways. The interpretability of the prediction models was 

significantly enhanced by the effectiveness of SHAP analysis for global and local interpretability. 

Global interpretability helped to recognise general patterns in feature significance that influenced 

resistance prediction, while local interpretability was beneficial in interpreting particular 

prediction results at the test level [29]. Such interpretability is associated with biomedical and 
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clinical applications, as healthcare professionals need intelligible and physiologically relevant The 

results from the integration of Explainable Artificial Intelligence are consistent with the recent 

studies which have focused on the significance of interpretable frameworks of artificial 

intelligence in precision medicine and medicine applications within healthcare [9]. Explainability 

not only enhances the trustworthiness of computing systems but also contributes to the 

reproducibility of computational systems and their compliance with regulatory requirements, as 

well as the validation of the prediction models with current biological knowledge. Therefore, the 

incorporation of explainability approaches in antibiotic resistance prediction systems is a major 

step in therapeutically beneficial artificial intelligence frameworks. The effectiveness of machine 

learning assisted computational tools for studying antibiotic resistance was also demonstrated 

when performance metrics collected during the study were classified by the researchers. The 

accuracy, precision, recall, F1 score as well as ROC-AUC analysis shows a significant predictive 

power for both resistant and susceptible microbial groups. The high recall and sensitivity values 

were especially significant, as resistance will not be detected if the organism is not recognised, 

which can have a major impact on the therapy outcome and clinical decision making processes 

[78]. Additionally, receiver operating characteristic and area under the curve analyses showed high 

discriminatory power of the machine learning models implemented. The large AUC values 

indicated that the prediction algorithms were able to efficiently discriminate resistant and 

susceptible microbial samples. The findings align with previous biomedical machine learning 

studies that have shown that AI-powered categorisation systems have a significant potential to be 

used for predicting infectious diseases and tracking antimicrobial resistance [80]. In the current 

work, good findings were achieved, however there are still some limitations with machine 

learning-based antimicrobial resistance prediction structures. Biomedical datasets are often 
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imbalanced, heterogeneous and variable which may impair predictive accuracy and model 

generalisability [30]. Insufficient variety of the collected data and insufficient biological 

annotations could further restrict the application of prediction models to diverse clinical groups 

and geographical areas. Another significant issue is the computational difficulty of sophisticated 

machine learning and explainability methods. Explainable Artificial Intelligence frameworks 

emphasise openness, however some explainability methods could boost computation costs and 

need to be analysed carefully in very complicated datasets [32]. Moreover, the prediction models 

are still reliant on data quality, accuracy of preprocessing and biological significance of the 

retrieved characteristics. The present work was primarily dedicated to the computational 

assessment and forecasting of antimicrobial resistance by machine learning; consequently, 

additional experimental validation with large-scale clinical and genomic datasets would increase 

the relevance of the proposed computational framework. Recent advancements in computational 

biology, machine learning, and precision medicine suggest considerable future potential for 

Explainable Artificial Intelligence-driven biomedical frameworks. The amalgamation of 

interpretable artificial intelligence methodologies with genetic sequencing technology, pathogen 

monitoring systems, and personalised healthcare methods might markedly enhance the supervision 

of infectious diseases and antimicrobial stewardship initiatives [81]. AI-assisted computational 

systems which offer transparent, physiologically relevant predictions might help diagnostic 

decision-making, therapy optimisation and early identification of resistant microbial strains. The 

present investigation mainly targeted the machine learning and Explainable Artificial Intelligence 

approaches while improving other treatment techniques such as bacteriophage-based therapy 

might provide additional advantages to the computational antimicrobial resistance investigation 

[60].  
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CHAPTER 6 
 
 

CONCLUSION 

 

The current research showed the effectiveness of ML and XAI-based computational techniques 

for prediction of antibiotic resistance and assessment of patterns of pathogens. With the rising 

challenge of antibiotic resistance, rapid, accurate and easily interpreted computational tools that 

can help with managing infectious diseases and antimicrobial management programs are essential 

[37]. The machine learning algorithms implemented, such as Random Forest, Support Vector 

Machine, Logistic Regression, Decision Tree, etc., and Gradient Boosting models, were able to 

obtain reliable predictions from the multidimensional biomedical datasets with success. 

Comparative analysis demonstrated that ensemble learning strategies perform better in terms of 

predicting robustness and classification performance in antimicrobial resistance prediction tasks 

[48]. The model performance and predicted stability were significantly enhanced after processing 

the data, engineering new features and selection of useful features, which reduced the redundancy 

and optimized the physiologically relevant features [68]. In addition, the use of Explainable 

Artificial Intelligence techniques boosted the interpretability and transparency of the prediction 

models. The discovery of essential resistance-associated variables for improved predictions of 

machine learning and understanding of the model behaviour was achieved using SHAP-based 

study [55]. For antimicrobial resistance prediction tasks, ensemble learning (EL) strategies were 

shown to be more predictive resilient than other strategies in the comparison analysis [48].  The 

preprocessing of data, feature engineering and feature selection significantly improved the 

efficiency of the model and the stability of its predictions by reducing the number of redundant 
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features and selecting physiologically relevant features, respectively [68]. Furthermore, the 

application of the XAI approaches enhanced the interpretability and transparency of the prediction 

models. SHAP based analysis was an effective method for identifying important factors associated 

with resistance that have an impact on machine learning predictions and gave greater 

understanding of the behaviour of a machine learning model [55]. The results presented in this 

work show that combining machine learning with explainability frameworks can markedly 

contribute to developing explainable and clinically relevant biomedical prediction systems. Such 

computational techniques can facilitate precision medicine, pathogen surveillance, as well as AI-

assisted healthcare applications [28]. While the positive results are obtained, there are various 

restrictions like the imbalance of the dataset, the uncertainty in biological data and the computation 

complexity of the explainability approaches that are still significant challenges that should be 

further explored [9]. Future research could involve the incorporation of larger multi-omics 

datasets, improved deep learning models, and clinical data in real time to further improve the 

generalisability and clinical applicability of antibiotic resistance prediction models. In summary, 

the study efficiently shown the way computational biology, machine learning and Explainable 

Artificial Intelligence offer a feasible interdisciplinary structure for antibiotic resistance 

assessment and future precision medical solutions. 
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