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Abstract

Metabolic diseases are increasingly associated with gut microbiome dysbiosis; how-

ever, integrated approaches combining taxonomic profiling, ecological interpreta-

tion, statistical testing, and explainable artificial intelligence remain limited. This

study applied a comprehensive metagenomic workflow to investigate gut micro-

bial signatures across Normal, Obese, and Disease groups. Raw shotgun metage-

nomic reads were quality assessed, trimmed, and taxonomically classified using

Kaiju, followed by multi-rank taxonomic composition analysis from phylum to

species level followed by diversity analysis. Differentially abundant taxa were

identified using the Mann–Whitney U test, while Random Forest classification

and SHAP-based explainable AI were used to prioritize disease-associated micro-

bial biomarkers. Microbial co-occurrence network analysis were further performed

to interpret metabolic and ecological changes. Taxonomic profiling identified a

diverse gut microbial community across multiple ranks, including 31 phyla, 52

classes, 114 orders, 203 families, 388 genera, and 535 species. Disease samples

showed marked taxonomic shifts, reduced alpha diversity, and clear Bray–Curtis

separation from Normal and Obese groups. PERMANOVA confirmed significant

community-level differences across all taxonomic ranks using Bray–Curtis dis-

tances. Differential abundance analysis revealed extensive disease-associated taxa,

particularly at genus and species levels, with stronger separation in Normal vs Dis-

ease and Obese vs Disease comparisons than in Normal vs Obese. Random Forest

models showed strong classification performance for disease-related comparisons,

with high ROC-AUC values, while Normal vs Obese showed weaker discrimina-

tion. SHAP-based explainable AI highlighted candidate species-level biomarkers,

including Anaerostipes hadrus, Anaerobutyricum hallii, Dorea longicatena, Fae-

calibacterium prausnitzii, Phocaeicola vulgatus, and Morganella morganii. Co-

occurrence network analysis indicated reduced microbial network complexity in

Disease samples. Overall, this study demonstrates that integrating metagenomics,

statistical testing, machine learning, explainable AI, functional annotation, and

network ecology provides a robust framework for identifying disease-associated

gut microbiome signatures and candidate non-invasive microbial biomarkers.
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Chapter 1

Introduction

1.1 Background

Metabolic syndrome is a complex, multifactorial syndrome and a group of metabolic

abnormalities occurring in the same person. As indicated in the figure 1.1, the

main components of metabolic syndrome are visceral obesity, insulin resistance,

hypertension, high triglycerides and low HDL cholesterol. These abnormalities are

not independent of each other, but rather are biologically linked, and frequently

caused by a similar underlying pathology, namely an excess of visceral fat accumu-

lation, an impaired insulin signaling, a chronic inflammatory status, and metabolic

stresses due to lifestyle factors [1].

The metabolic syndrome as a grouping of health conditions, a crucial point to

comprehend the disease. The person might not look like they are very sick, but the

combination of abdominal obesity, high blood pressure, high cholesterol and insulin

resistance will slowly raise the likelihood of serious cardiometabolic conditions.

Visceral obesity is important because fat around the abdominal organs is more

metabolically damaging than fat under the skin.

Palpable release of free fatty acids, inflammatory cytokines and adipokines by vis-

ceral adipose tissue, which disrupt insulin action and lipid metabolism. This is

one of the key components of metabolic syndrome. Another factor that is shown

in the data is insulin resistance. Normally, insulin facilitates glucose uptake into

tissues (e.g., skeletal muscle, adipose tissue), and inhibits glucose production in

1
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Figure 1.1: Core components of metabolic syndrome [1].

the liver. In insulin resistance, however, these tissues become insensitive to the

effects of insulin. This leaves the blood glucose higher, the pancreas trying to

catch up by producing more insulin, and the blood glucose level being continu-

ally elevated by this extra production of insulin, leading to metabolic stress. This

hyper-insulinemic state and abnormal glucose tolerance may lead to Type 2 Dia-

betes Mellitus. Thus, insulin resistance can serve as a mediating factor between

obesity, hyper-glycemia, dys-lipidaemia and cardiovascular risk [1, 2].

1.1.1 Pathophysiology of MetS

The pathophysiology gives a biological level explanation of the development of

metabolic syndrome. Mechanisms are insulin resistance, adipose tissue dysfunc-

tion, visceral obesity, and chronic inflammation. The adipocytes in people with ex-

cess visceral fat become large and non-functional. These dysfunctional adipocytes

release more free fatty acids to the bloodstream.These fatty acids are absorbed by

the liver and converted into triglycerides which may cause hypertriglyceridemia

and fatty liver. Meanwhile, at the same time inflammatory mediators like tumor

necrosis factor-alpha, interleukins and other cytokines disrupt the insulin signal-

ing pathways, further adding to insulin resistance. Adipose tissue dysfunction

also plays a role in the regulation of adipokines. Adipose tissue secretes hormones
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in a healthy metabolic state that control appetite, insulin sensitivity, inflamma-

tion, and lipid metabolism. In metabolic syndrome, however, these protective

adipokines, like adiponectin, are decreased while these pro-inflammatory medi-

ators are heightened. Low levels of adiponectin are linked to poor fatty acid

oxidation, decreased insulin sensitivity and increased vascular inflammation. This

results in a systemic inflammatory condition and is why metabolic syndrome is

referred to as a ”disease of chronic low-grade inflammation [2], [3].

1.1.2 Causes and Effects of MetS

Metabolic syndrome is a multifactorial disorder, as explained in the causes and

consequences figure 1.2, listed causes are lack of physical exercise, consuming more

calories than burning; unhealthy diet with high carbohydrate and animal fat;

sedentary lifestyle; alcohol consumption; stress; less than ideal quality sleep or

sleep pattern; and shift work. These are very relevant in today’s societies where

many people are becoming more and more urban, eat processed meals, don’t exer-

cise much and have irregular sleeping habits. Physical inactivity lowers the level

of energy expenditure and leads to weight gain. It also reduces the uptake of

glucose into the skeletal muscle causing insulin resistance. Over-consumption of

calories, particularly of refined carbohydrates and saturated fats leads to increased

fat storage and dyslipidemia. Obesity and vascular dysfunction are also worsened

by sedentary lifestyle. Chronic stress also triggers activation of the neuroendocrine

pathways such as an increase of cortisol, which can lead to increased appetite, cen-

tral fat deposits, and glucose levels [4, 5]. Shift work and poor sleep destroys 4 key

factors for good health: circadian rhythm, hormonal balance, appetite/satiety con-

trol and insulin sensitivity. All of these lifestyle factors contribute to the pattern

of a person’s metabolism allowing metabolic syndrome to develop. The conse-

quences shown in the figure include diabetes, fatty liver disease, kidney injury,

heart failure, obstructive sleep apnea, polycystic ovary syndrome, dyslipidemia,

high heart rate, uric acid elevation, and inflammation. These effects show there

is a relationship between metabolic syndrome and more than just cosmetic and

weight problems. A systemic disease that has significant clinical implications. Ob-
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Figure 1.2: Causes and consequences of metabolic syndrome [4].

structive sleep apnea may increase insulin resistance and hypertension by inducing

intermittent hypoxia and activation of sympathetic nerves, for instance. Women

with PCOS have a very close relation with insulin resistance and metabolic ab-

normalities. Hyperuricemia can be caused by renal defects and higher metabolic

stress. These conditions are associated with metabolic syndrome and make it even

more complicated [5, 6].

1.1.3 Development of MetS

Metabolic syndrome is a condition which will evolve, as indicated by the figure 1.3.

Often starts with normal body weight and then slowly moves into overweight and

obesity and eventually to multiple metabolic issues. Cardiometabolic risk also gets

worse with age. This is a gradual process that may take years to develop as a result

of chronic unhealthy eating, decreased amount of physical activity, sitting around

too much, stress and poor sleep habits. It is observed that early risk factors like

overweight and obesity can eventually result in pre-diabetes, high blood pressure,

dyslipidemia, chronic inflammation, polycystic ovary syndrome, atherosclerosis,
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Figure 1.3: Age-related development and progression of metabolic syndrome
[7]

diabetes, liver disease, kidney impairment and heart failure. Clinically impor-

tant in this progression is that metabolic syndrome serves as an opportunity for

early intervention. When people are detected during the central obesity, insulin

resistance or mild dyslipidemia stage, treatment and lifestyle changes can help

to prevent the onset of diabetes and cardiovascular complications. As the disease

progresses, however, if it goes undiagnosed, the risk will slowly build and can build

up until it causes irreversible organ damage [2, 7].

1.1.4 Diagnostic Criteria of MetS

The diagnostic criteria shown in table 1.1 indicates that metabolic syndrome is

diagnosed by clinical parameters, which can be measured, such as waist circum-

ference, HDL cholesterol, triglycerides, fasting glucose, and blood pressure. These

parameters are used is due to the fact that they are the major metabolic dis-

turbances associated with the syndrome. Central adiposity is associated with an

increase in waist circumference. Low HDL concentration is a sign of inadequate

lipid transport and poor cardiovascular protective function. A raised triglyceride
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level suggests abnormal lipid metabolism that is usually associated with high lev-

els of fat in the liver and insulin resistance. Increased blood glucose and blood

pressure levels are markers of glucose dyshomeostasis and vascular dysfunction

and cardiovascular burden. While the definitions vary slightly among NCEP-ATP

III, IDF, AHA/NHLBI, and ATP III, they all share the same basic guideline:

metabolic syndrome should be diagnosed when several cardiometabolic risk fac-

tors are present.

Table 1.1: Diagnostic criteria for metabolic syndrome according to different
clinical definitions [5, 8, 9].

Criterion NCEP-ATP
III1

IDF2 AHA/NHLBI3 ATP III4

Waist circumference (cm)

Males ≥ 102 ≥ 94 ≥ 94 ≥ 102

Females ≥ 88 ≥ 80 ≥ 80 ≥ 88

HDL cholesterol (mg/dL)

Males < 40 < 40 < 40 < 40

Females < 50 < 50 < 50 < 50

Triglycerides
(mg/dL)

≥ 150 ≥ 150 ≥ 150 ≥ 150

Fasting glucose
(mg/dL)

≥ 100 ≥ 100 ≥ 100 ≥ 100

Blood pressure
(mmHg)

≥ 130/ ≥ 85 ≥
130/ ≥
85

≥ 130/ ≥ 85 ≥ 130/ ≥
85

1NCEP-ATP = National Cholesterol Education Program-Adult Treatment Panel; 2IDF
= International Diabetes Federation; 3AHA/NHLBI = American Heart Association and
National Heart, Lung, and Blood Institute; 4HDL = high-density lipoprotein. A: Three
of five criteria required. B: Central adiposity required; two of the subsequent four criteria
required.

Waist circumference cut-offs, for instance, vary between organizations particularly

between the sexes but all identify central obesity as a key diagnostic characteris-

tic. Likewise, affected persons have low normal HDL cholesterol levels, and their

triglyceride, blood glucose and blood pressure levels are elevated, respectively

higher than 150 mg/dL, higher than 100 mg/dL, and higher than 130/85 mmHg.

These are only the 5 criteria that define metabolic syndrome but there is a much

wider underlying biology [5, 8, 9].
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1.1.5 Global Disease Burden of MetS

The global burden number corroborates the public health significance of metabolic

syndrome as shown in figure 1.4. Based on the data given, it is estimated that,

in 2023, an estimated 1.54 billion adults globally had metabolic syndrome. The

prevalence was presented to be 31.0% of females and 25.7% of males with estimated

numbers of prevalent cases being 846 million females and 692 million males.

Figure 1.4: Global burden of metabolic syndrome [10].

This suggests that metabolic syndrome is not an uncommon disease, and that

many adults in the world suffer from it. The increase over 2000 also indicates

that the load is increasing significantly. The increased prevalence in females might

be attributed to body fat distribution, hormonal differences, hormonal changes

with menopause, lifestyle differences, and physical activity patterns. But there is

a high disease burden in both males and females. The global maps also indicate

that metabolic syndrome is common to many regions of the world, not just in high

income countries. This is also relevant as low- and middle-income countries are

also undergoing a rapid transition in their diet and lifestyle that could raise the

risk of metabolic diseases [10].

1.2 Human Gut Microbiota

Microbiota or microbial community of the human gut represents a complex ecosys-

tem of microorganisms residing in the gut and helping to maintain human health
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as shown in figure 1.5. Gut microbiota plays a role in metabolism of therapeu-

tic compounds, modulation of insulin-related pathways, angiogenesis, fat storage,

resisting pathogen colonization, protection of intestinal epithelium, production of

vitamins and amino acids, and breaking down food compounds as shown in the fig-

ure. The functions demonstrate that the gut microbiota is a metabolically active

system and not a mere microbial community.

In the context of metabolic syndrome its function in fat storage, modulation of

insulin system, control of nutrients, control of inflammation and protection of the

epithelial barrier is particularly relevant, as any disturbance of these functions can

be a contributing factor to obesity, insulin resistance, dyslipidemia and chronic

low-grade inflammation [11].

Figure 1.5: Functional roles of the human gut microbiota [11].

1.2.1 Human Gut Microbiota Dysbiosis

Human gut microbiota dysbiosis is a decrease in beneficial microbes, an increase

in harmful microbes, a change in diversity and a disruption of microbial functions

as shown in figure 1.6. Human gut microbiota dysbiosis refers to an imbalance

in the composition, diversity and functional activity of the intestinal microbial

community. It is generally characterized by a reduction in beneficial commensal

microorganisms, an increase in potentially pathogenic microbes and alterations in

microbial metabolite production.
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Figure 1.6: Human gut microbiota dysbiosis and associated systemic disorders
[12].

One of the major consequences of dysbiosis is disruption of the intestinal epithe-

lial barrier. Increased intestinal permeability allows bacterial components, partic-

ularly lipopolysaccharides, to enter the systemic circulation. These components

activate immune and inflammatory pathways, resulting in persistent low-grade

inflammation. Chronic inflammation can interfere with insulin signalling, reduce

glucose uptake and promote the development of insulin resistance. It can also al-

ter lipid metabolism and facilitate excessive fat accumulation, particularly within

visceral adipose tissue.

Dysbiosis may also modify the production of important microbial metabolites, in-

cluding short-chain fatty acids, secondary bile acids, branched-chain amino acids

and trimethylamine-derived compounds. Short-chain fatty acids normally con-

tribute to intestinal barrier integrity, immune regulation, glucose homeostasis and

energy metabolism. Therefore, a reduction in beneficial metabolite-producing bac-

teria may impair metabolic regulation. Conversely, excessive production of certain

microbial metabolites may contribute to inflammation, dyslipidaemia, vascular

dysfunction and cardiovascular disease.
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The gut–brain axis involves bidirectional communication between the intestinal

microbiota and the central nervous system through neural, endocrine, immune and

metabolic pathways. Alterations in this communication have been associated with

neurological and psychiatric disorders. Similarly, the gut–lung axis may influence

respiratory immune responses and has been associated with asthma, pneumonia

and obstructive pulmonary disorders. The gut–skin axis connects intestinal mi-

crobial changes with systemic inflammation and immune dysfunction, potentially

contributing to conditions such as psoriasis and acne.

Therefore, gut microbiota dysbiosis may act as an important biological link be-

tween obesity, insulin resistance, dyslipidaemia, hypertension and systemic inflam-

mation. These interconnected mechanisms support the investigation of microbial

taxa and microbial functions as potential biomarkers for the early detection, clas-

sification and progression of metabolic syndrome [12].

1.3 Problem Statement

Metabolic syndrome is a rapidly increasing public health problem characterized

by obesity, insulin resistance, dyslipidemia, hypertension, and chronic inflamma-

tion. Traditional risk factors like fasting glucose, triglyceride, HDL cholesterol,

waist circumference and blood pressure are clinically relevant, but these primarily

identify metabolic syndrome once it has been established. The existing micro-

biome studies associated with metabolic syndrome tend to be descriptive and

consist only of taxonomic profiling, rather than a focus on accurate prediction,

functional interpretation, explainable discovery of biomarkers, and personalized

medicine. Thus, an integrated AI-powered metagenomic framework is needed to

process shotgun metagenomic data, discover disease-associated microbial features,

forecast metabolic syndrome status, and elucidate the key microbial biomarkers

for the diagnosis of every disease.

1.4 Research Question

How can explainable AI-driven metagenomic analysis be used to develop robust,

interpretable, and clinically relevant microbial biomarker models for metabolic
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syndrome prediction and personalized risk stratification?

1.5 Hypothesis

Shotgun metagenomic profiles of the human gut microbiome can have unique mi-

crobial taxonomic and functional signatures to distinguish between people with

metabolic syndrome and healthy controls. In addition, the incorporation of ma-

chine learning, deep learning, and explainable artificial intelligence will enhance

the prediction accuracy of the disease and uncover the microbial markers that are

easy to understand and are associated with metabolic syndrome.

1.6 Aims and Objectives

The aim of this study is to develop an AI-driven metagenomic framework for

the discovery of gut microbiome-derived biomarkers associated with metabolic

syndrome. The objectives include:

i. To analyze shotgun metagenomic data from metabolic syndrome and control

groups for taxonomic and functional profiling of the gut microbiome.

ii. To predict microbial biomarkers in normal, obese, and disease conditions

using machine learning and deep learning techniques.

iii. To analyze key microbial biomarkers and their clinical relevance in metabolic

syndrome.

1.7 Scope of Study

This study concentrates on the computational aspects of shotgun metagenomic

data to find gut microbiome signatures related to metabolic syndrome as shown

in figure 1.7.
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Figure 1.7: Scope of the proposed AI-driven metagenomic framework for
biomarker discovery in metabolic syndrome.

Features encompass data preprocessing, quality control, host-read removal, taxo-

nomic profiling, functional profiling, AI based disease prediction, and explainable

biomarker discovery. Pathways, genes, and microbial taxa associated with obesity,

insulin resistance, inflammation, dyslipidemia and metabolic dysregulation will be

explored. This study has a clinical objective of helping identify non-invasive mi-

crobial markers that could enhance the early screening, risk stratification and

personalized treatment of metabolic syndrome (MetS). The proposed framework

can be useful to fill the gap between microbiome study and clinical decision mak-

ing by generating interpretable microbiome biomarkers rather than just microbial

profiles. Moreover, the study is linked to the pertinent Sustainable Development

Goals such as SDG 3: Good Health and Well-being, which is related to early de-

tection and prevention of chronic metabolic complications. It could also support

SDG 9: Industry, Innovation and Infrastructure in terms of AI-based biomedical

innovation, and SDG 10: Reduce Inequalities in its application of non-invasive,

data-driven approaches that may provide preventative healthcare in the future

that is accessible to all.
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Figure 1.8: Potential societal impact of AI-driven metagenomic biomarker
discovery in metabolic syndrome.

1.8 Impact on Society

This research contribution may help society by providing support for the early,

non-invasive and personalized detection of metabolic syndrome. The discovery of

these biomarkers can help lower the burden of disease if metabolic syndrome is

a risk factor for other conditions, such as type 2 diabetes, cardiovascular disease,

fatty liver disease, kidney dysfunction, and other chronic conditions. Clinical ap-

plications of this work are likely to be the use of microbial biomarkers to aid in

disease risk prediction, early detection and planning personalized interventions.

The findings of the study could be more easily interpretable and useful for future

translational studies because they can be linked to microbial features with ex-

plainable AI. Public health applications of microbiome-based biomarker discovery

could be precision medicine, lifestyle-based prevention and targeted therapeutics.

This can help achieve better health results, lower long-term health care expendi-

tures, and better individual and population health care management of metabolic

diseases as shown in figure 1.8.



Chapter 2

Literature Review

2.1 Metabolic Syndrome: Clinical and Patho-

physiological Overview

Metabolic syndrome is a cardiometabolic disorder that occurs when central obe-

sity, insulin resistance, hypertension, dyslipidemia and impaired glucose regulation

coexist. It is not a single disease, but a collection of linked metabolic abnormali-

ties that all contribute to an increased risk of developing type 2 diabetes mellitus,

cardiovascular disease, non-alcoholic fatty liver disease, chronic kidney disease,

and other chronic diseases. The following is a combination of all of these key

clinical features of metabolic syndrome that are generally considered to be part

of the definition as it is used in clinical practice: increased waist circumference,

increased blood pressure, increased fasting blood glucose, increased triglycerides,

and decreased HDL, though the waist circumference may differ based on ethnicity

and population-specific risk profiles [1, 8].

The progressive and systemic nature of metabolic syndrome is a key clinical sig-

nificance. People who have metabolic syndrome may experience metabolic dys-

function over time, starting with excess adiposity and insulin resistance, and then

moving into diabetes, vascular dysfunction, and organ-specific dysfunction. In-

sulin resistance is a pivotal part of this process, leading to the reduction of glucose

uptake in skeletal muscle and fat, and hepatic glucose production. In addition to

14
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insulin resistance, visceral adiposity is associated with metabolic syndrome via the

causes of enhanced release of free fatty acids, imbalance of adipokines, oxidative

stress and chronic low-grade inflammation [7].

The role of the visceral fat as just a repository for excess energy is now viewed

as incorrect, and the visceral fat has been shown to be an active endocrine and

immunological organ. Enlarged adipocytes and infiltrating immune cells produce

inflammatory cytokines and adipokines that disrupt insulin signaling and drive

systemic inflammation, which is a hallmark of obesity. This inflammatory setting

is associated with dyslipidemia, endothelial dysfunction, hypertension, hepatic

lipid accumulation and vascular injury.

Metabolic syndrome thus must be viewed as a ”multi-organ disease” with patterns

of synchronized dysfunction involving adipose tissue, liver, skeletal muscle, pan-

creas, vascular endothelial cells and immune cells. This is the basis of the strong

association of metabolic syndrome with cardiometabolic morbidity and mortality,

which is intrinsically linked to the above pathophysiology [5, 6].

2.2 Gut Microbiome and Host Metabolic Regu-

lation

The human gut microbiota has become an important player in host metabolism

and immune system. It is a complex ecosystem made up of various microorganisms,

such as bacteria, archaea, fungi, viruses and others, primarily those that inhabit

the gastrointestinal system.

The gut microbiota plays a role in nutrient metabolism, xenobiotic and drug

metabolism, maintenance of gut mucosal barrier integrity, immune modulation

and resistance against pathogenic organisms. It also helps in fermentation of in-

digestible dietary carbohydrates to produce short-chain fatty acids (SCFAs) like

acetate, propionate, and butyrate that affect the health of the epithelium, inflam-

matory signaling, glucose metabolism, lipid regulation, and pathways that affect

appetite [11].

A healthy gut microbiome regulates the production of the gut mucus, integrity
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of tight junctions, renewal of epithelial cells, and immune responses. This bar-

rier function is of significant importance with respect to metabolic syndrome as

it can lead to microbial products from the gut, like lipopolysaccharides, being re-

leased into systemic circulation. It can be termed metabolic endotoxemia, which

can promote chronic low-level inflammation and dysregulate insulin sensitivity in

metabolic tissues. This mechanism can cause gut microbial imbalance to play a

role in development of insulin resistance, obesity-related inflammation, dyslipi-

demia and impaired glucose regulation which are core characteristics of metabolic

syndrome [13].

Gut Dysbiosis is an imbalance of gut microbiota composition, diversity, stability

or function. Dysbiosis can include loss of beneficial organisms, proliferation of

opportunistic organisms, decreased diversity of organisms, changes in the produc-

tion of microbial metabolites, and changes in host–microbe communication. In

recent years, dysbiosis has been associated with various systemic disease axes such

as gut–brain axis, gut–lung axis, gut–heart axis, gut–skin axis, and metabolism-

related disorders. This systemic impact underscores a gut microbiome’s impact on

immune regulation, cardiometabolic function, neurological signaling, and inflam-

matory disease processes [12].

2.3 Metagenomic Approaches for Microbiome

Analysis

Previous investigations of the microbiome have used 16S rRNA gene sequencing

to define the composition of bacteria in the microbiome. While 16S sequencing

can provide some information on the broad taxonomic patterns, it lacks species-

level resolution and functional interpretation. Shotgun metagenomic sequencing

is more holistic, since it sequences the entire microbial DNA from a sample, en-

abling the analysis of microbial taxa, genes, metabolic pathways and functional

potential. This is especially important in metabolic syndrome research where

disease-associated functions of microbes could be as important as their abundance.

For instance, species of different microbes can carry out the same metabolism, so

pathway-level analysis can uncover disease signatures that are biologically infor-
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mative and that may not be captured by taxonomy-based methods [14, 15].

Although considerable advances have been made, there are still many microbiome

studies of metabolic syndrome that are descriptive in nature. They often describe

variation between the microbial community found in healthy and diseased subjects,

but do not necessarily link these findings to predictive, reproducible, or clinically

meaningful biomarkers. Microbiome datasets also have a large dimension, are

sparse, compositional, and have significant inter-individual variation. These fea-

tures pose difficulties for biomarker discovery with traditional statistical methods

[12]. Thus, the need for more sophisticated computational approaches to generate

disease relevant patterns within complex metagenomic data.

2.4 Artificial Intelligence in Microbiome-Based

Biomarker Discovery

AI is a promising tool for analysis of complex microbiome data. Nonlinear rela-

tionships and interactions between microbial taxa, genes, pathways, and clinical

variables can be detected by machine learning models. Typical algorithms ap-

plied to microbiome-based disease prediction are random forest, support vector

machine, logistic regression, gradient boosting and neural network-based meth-

ods. Such models can be used to identify high dimensional microbial features that

can be used to classify disease and control groups, and can be used to aid identifi-

cation of microbial signatures associated with metabolic syndrome. Deep learning

techniques also have great potential to further enhance pattern recognition by

learning hierarchical representation of complex data sets automatically, but their

effectiveness will rely heavily on the size of the data sample, the quality of the

dataset and the design of the validation. AI has shifted the focus in microbiome

research from descriptive profiling to predictive modelling. But just predicting is

not enough for clinical translation [16, 17]. There is a need to validate AI models

through scientifically sound techniques like cross-validation, independent testing,

external validation cohorts, and comprehensive metrics like sensitivity, specificity,

accuracy, F1-score, and the area under the receiver operating characteristic curve.

If the model is not validated, it may work well on one data set but not on an-
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other because people have different diets, different geographical locations, different

ages, are taking different medications, using different sequencing protocols, and

are using different bioinformatics pipelines. Therefore, building clinically relevant

microbiome biomarkers is a complex task that is demanding both strong predictive

performance and consistency between datasets [18].

2.5 Recent Advances in AI-Driven Metagenomic

Research

Recent advancements in metagenomics and artificial intelligence have significantly

transformed microbiome research, particularly in disease prediction and biomarker

discovery. The integration of machine learning and deep learning techniques with

high-throughput sequencing data has enabled researchers to uncover complex mi-

crobial patterns associated with various diseases, including metabolic syndrome

[19]. Deep learning models, in particular, have shown superior performance in

handling high-dimensional and nonlinear microbiome data, facilitating improved

classification accuracy and functional interpretation. Moreover, recent studies

emphasize that AI-driven microbiome analysis can enhance precision medicine by

enabling personalized diagnostics and therapeutic strategies. Table 2.1 demon-

strates the recent advancement in AI driven metagenomics approach [19, 20]. One

of the drawbacks of many AI-based biomedical models is that they are black-box

models. The complex machine learning and deep learning algorithms could give

the correct answer, but not necessarily provide a clear indication of what features

are the most important for the prediction. The lack of interpretability is espe-

cially troublesome in biomarker discovery where the clinician and the researcher

must draw inferences about the reason for the relevance of a microbial feature to

disease [18, 21]. Overall, these studies demonstrate the growing importance of

combining metagenomic data with interpretable AI approaches for reliable micro-

bial biomarker discovery. However, broader validation, standardized workflows,

and clinically representative datasets remain necessary before routine medical ap-

plication. These developments indicate that AI-assisted metagenomic analysis can

improve the identification of complex microbial patterns that may remain unde-
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tected through conventional statistical methods.
Table 2.1: Summary of recent studies using AI, machine learning, and metagenomics

for microbiome-based biomarker discovery.
Study Method used Key findings Limitation

Przymus et al.,
2025

Deep learning
(CNN, autoen-
coders)

Deep learning effectively
extracts patterns from high-
dimensional microbiome data.

Requires large datasets and has
a risk of overfitting [19].

Tripathi et al.,
2025

AI/ML in micro-
biome

AI enables disease prediction
and biomarker discovery.

Data heterogeneity and lack of
standardization [20].

Zhou et al.,
2025

AI and metage-
nomics

Integration enhances precision
medicine applications.

Clinical translation remains
challenging [16].

Tegegne et al.,
2025

Metagenomics
and clinical
application

The gut microbiome plays an
important role in disease diag-
nosis.

Limited integration of compu-
tational and clinical approaches
[13].

Wang et al.,
2026

AI in microbiome AI-driven models improve the
interpretation of complex mi-
crobiome data.

Requires interdisciplinary ex-
pertise and computational re-
sources [17].

Fu et al., 2026 Metagenomic at-
las study

Identified microbiome patterns
associated with disease and ag-
ing.

Limited focus on individual dis-
ease phenotypes [22].

Novielli et al.,
2024

Explainable AI
and gut micro-
biome data

Explainable AI identified mi-
crobial taxonomic markers con-
tributing to disease classifica-
tion at the individual-subject
level.

Focused on colorectal cancer
and requires broader validation
in metabolic disorders [21].

Dakal et al.,
2025

AI and multi-
omics integration

Advanced computational tools
can integrate metagenomics,
metabolomics, metaproteomics,
and other omics for biomarker
discovery.

Multi-omics integration requires
substantial computational re-
sources and standardized
datasets [23].

Li et al., 2025 Machine learning
for microbiome-
based disease
prediction

Provided best-practice guidance
for developing microbiome-
based disease-prediction models
and improving their reliability.

Model performance may decline
across populations because of
differences in diet, geography,
and sequencing methods [24].

Gonçalves et
al., 2025

Metadata in-
tegration and
ML

Host metadata can improve
microbiome-based disease pre-
diction and reduce misleading
microbial associations.

Requires complete and well-
curated metadata, which are
often unavailable in public
datasets [25].

Cai et al., 2025 Interpretable ML
and dietary gut
microbiota index

Identified associations between
a dietary gut microbiota index
and components of metabolic
syndrome using interpretable
ML.

Used a dietary index as a mi-
crobiome proxy rather than di-
rect shotgun metagenomic pro-
filing [26].

Romano et al.,
2025

ML-based meta-
analysis of gut
microbiome stud-
ies

Large-scale microbiome meta-
analysis showed that ML can
classify disease cases and iden-
tify reproducible microbial fea-
tures.

Focused on Parkinson’s dis-
ease; therefore, its relevance to
metabolic syndrome is primarily
methodological [27].

Chang et al.,
2024

Explainable ML
and gut microbio-
ta/metabolites

Explainable AI identified im-
portant microbial and metabo-
lite biomarkers for disease diag-
nosis.

A small sample size limited the
generalizability of the findings
[28].

Tegegne and
Savidge, 2025

Gut microbiome
metagenomics
and clinical preci-
sion medicine

Highlighted the clinical poten-
tial of gut metagenomics for di-
agnosis, risk stratification, and
precision medicine.

Clinical translation still requires
standardization, external vali-
dation, and regulatory accep-
tance [13].

The use of explainable AI further strengthens biomarker discovery by clarifying

the contribution of individual microbial taxa to model predictions. Nevertheless,

differences in sequencing platforms, preprocessing pipelines, population character-

istics, and analytical methods can reduce reproducibility across studies [19, 20].
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Such improvements may support the translation of microbiome-derived biomarkers

into reliable tools for disease screening and personalized healthcare.

2.6 Explainable Artificial Intelligence and Pre-

cision Medicine Potential of Microbiome-

Derived Biomarkers

Prioritizing candidate microbial biomarkers can be achieved through the use of

explainable AI techniques, including SHAP, LIME, permutation importance, fea-

ture attribution, and model-specific importance scores. These approaches enable

scientists to see if microbial characteristics that are biologically plausible, or con-

founding patterns, are responsible for the model predictions. Regarding the re-

search of metabolic syndrome, XAI is especially relevant, as the challenge is not

only to predict whether a patient has metabolic syndrome but also to discover po-

tentially interpretable microbial signatures related to obesity, insulin resistance,

dyslipidaemia, inflammation and cardiometabolic risk. This is where XAI becomes

crucial to shift from computational prediction to the discovery of biomarkers for

translation [28]. Combining the technologies of shotgun metagenomics, AI-based

prediction, and explainable AI is highly relevant to precision medicine. The goal

of precision medicine is to identify people based on their biological risk profile

and to facilitate tailored prevention or treatment measures. The gut microbiome

metagenomics is further discussed as a significant player in clinical practice as it

can facilitate better diagnostics, risk-stratification, therapeutic development, and

patient-specific decision-making. Microbiome-derived biomarkers can provide an

early signal in metabolic syndrome for those at higher risk for cardiometabolic dis-

ease. They can also assist with individual dietary guidance, lifestyle adjustments,

probiotics and prebiotics, and tracking therapeutic outcomes [29, 30].

2.7 Research Gaps in Existing Literature

Despite significant advancements in metagenomics and artificial intelligence–

driven microbiome research, several critical gaps remain that limit their effective
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application in clinical settings. One of the major limitations is the inadequate inte-

gration of deep learning approaches with explainable artificial intelligence (XAI),

which restricts the interpretability of predictive models and reduces their accep-

tance in healthcare decision-making [31].

Additionally, most existing studies employ generalized models and lack disease-

specific optimization, particularly for complex conditions such as metabolic syn-

drome, thereby limiting their predictive accuracy and clinical relevance. Fur-

thermore, although numerous studies have identified microbial associations with

disease, there is insufficient translation of these findings into actionable precision

medicine frameworks, such as personalized diagnostics and targeted therapeutic

strategies [17].

Another key challenge lies in the intrinsic nature of metagenomic data, which

is high-dimensional, sparse, and compositional, making it difficult for conven-

tional and even some advanced machine learning methods to effectively capture

underlying biological patterns. Finally, many AI-based models lack robust clinical

validation and biological interpretability, creating a gap between computational

predictions and real-world medical applications.

Addressing these limitations is essential for developing reliable, interpretable, and

clinically applicable frameworks for microbiome-based disease prediction and pre-

cision medicine [19]. But there are some areas where the existing literature is

lacking.

Many of the studies study the taxonomic differences, but they do not adequately

perform functional profiling, since metabolic syndrome is a functional metabolic

disorder. Secondly, numerous prediction models lack independent or external val-

idation, which makes them less reliable in clinical practice. Third, the biological

meaning of the black box AI models is not always easy to identify, as they often

lack the required interpretation.

Fourth, very few studies combine feature extraction for metagenomic data, AI dis-

ease prediction, explainable AI and clinical relevance in an integrated way. The

lack of these points underlines the necessity for an integrated, AI-based metage-

nomic strategy to discover biomarkers in metabolic syndrome [26].
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2.8 Proposed Study Rationale

The proposed study falls in this gap. The study can be used to investigate the

taxonomic composition of the microbial communities, as well as the changes in

metabolic pathways linked with metabolic syndrome, from shotgun metagenomic

data. It can use machine learning and deep learning models to evaluate if micro-

bial characteristics can predict disease status. It integrates explanatory AI to help

determine the microbial taxa, genes or pathways that are most predictive of the

model. This integrated approach is a step beyond descriptive analysis of the mi-

crobiome and towards predictive, interpretable and clinically relevant biomarker

discovery. This approach has clinical relevance because it is potentially useful

for the early non-invasive screening and risk stratification. The microbiome dif-

ferences in stool are appealing because they are non-invasive and might actually

represent metabolic changes that precede clinical complications. Once confirmed,

these markers may be incorporated into future decision support tools for screen-

ing, individualized intervention, and future disease monitoring and/or treatment

response. This is especially relevant in metabolic syndrome where early treatment

can help to lower the chances of developing diabetes, cardiovascular disease, fatty

liver disease, and renal complications. To conclude, metabolic syndrome is a major

cardiometabolic condition that is caused by insulin resistance, visceral adiposity,

inflammation, dyslipidemia, and systemic metabolic abnormalities. The gut mi-

crobiome has a pivotal role in nutrient processing, immune function, maintenance

of the epithelial barrier, production of microbial metabolites, and metabolic sig-

naling in the host. Metabolic endotoxemia, energy harvest, short-chain fatty acid

production, bile acid dysregulation and chronic inflammation are mechanisms by

which dysbiosis might contribute to metabolic syndrome. Shotgun metagenomics

is an efficient way to enrich for taxonomic and functional signatures of microbes

and AI is a powerful tool for predictive modelling analysis of complex microbiome

data. Explainable AI helps in that process by enabling the interpretable and bi-

ologically meaningful discovery of biomarkers. These methods will create a solid

basis for clinically relevant, non-invasive microbial biomarkers for metabolic syn-

drome.



Chapter 3

Methodology

3.1 Study Design

The aim of this study was to explore the changes in gut microbial community and

to find the microbial non-invasive markers associated with metabolic syndrome-

related disease conditions in obesity. Shotgun metagenomic sequencing data from

publicly available libraries in the NCBI database were downloaded.

Figure 3.1: Methodological framework for microbiome analysis.

Three large clinical groups (Normal, Obese and Disease) were compared. Raw data

23
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retrieval, QC, adapter and low-quality read trimming, metagenomic assembly,

contig binning, genome quality assessment, taxonomy classification, abundance

matrix construction, diversity analysis, differential abundance testing, machine-

learning classification, explainable artificial intelligence interpretation, and final

biomarker prioritisation. The whole study design is shown in figure 3.1.

3.2 Metagenomics Data Retrieval

Three NCBI BioProject records were retrieved for human gut microbiota, obesity

and metabolic syndrome, respectively, to which shotgun metagenomic sequencing

data were available. Data sets were chosen due to the presence of human gut

or fecal metagenomic data associated with changes in microbial community as-

sociated with metabolic disease. The first dataset was downloaded from NCBI

BioProject PRJNA429968 “Human gut microbiota and metabolic syndrome in

Seniors.” The project can be accessed from: https://www.ncbi.nlm.nih.gov/

bioproject/429968 .

The second data set was acquired from NCBI BioProject – PRJNA417691 – “Mexi-

can women with obesity and metabolic syndrome Raw sequence reads. This study

examined the changes in gut microbiota in women with obesity and metabolic

syndrome.

The project can be found at: https://www.ncbi.nlm.nih.gov/bioproject/

417691. These BioProjects enabled sequencing data to be used for comparative

analysis of gut microbial profiles between the Normal, Obese and Disease groups.

3.3 SRA Run Selection and Metadata Prepara-

tion

The accessions that were part of the selected BioProjects were retrieved from

NCBI SRA. The final three groups were standardized from the various labels that

were used, for instance, normal was grouped with Normal, obese with Obese, and

disease with Disease. Samples labeled as “nonobese” or “control” were allocated

to the Normal group as was done in the original description of the samples.

https://www.ncbi.nlm.nih.gov/bioproject/429968
https://www.ncbi.nlm.nih.gov/bioproject/429968
https://www.ncbi.nlm.nih.gov/bioproject/417691
https://www.ncbi.nlm.nih.gov/bioproject/417691
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3.4 Raw Sequence Data Download

The raw sequencing reads were retrieved from the Sequence Read Archive (SRA)

at the National Center for Biotechnology Information (NCBI) via the command

line tools provided with Linux operating systems. The SRA Toolkit was used to

retrieve sequencing data for the selected SRR accessions and convert them into

FASTQ format.

3.5 Raw Read Quality Assessment using FastQC

Before further processing, the quality of the raw FASTQ files was evaluated using

FastQC. Each sample was assessed overall for sequencing quality using FastQC

to check for possible technical issues such as adapter contamination, low quality

bases, abnormal GC content, sequence duplication and overrepresented sequences.

3.6 Adapter Removal and Quality Trimming us-

ing Trimmomatic

The adapter sequences were removed and the sequences were trimmed for qual-

ity using Trimmomatic. This step was necessary to eliminate Illumina adapter

sequences, low quality bases and reads that were extremely short and may have

impacted downstream assembly and classification. Unpaired reads were obtained

by Trimmomatic. Following quality trimming, reads that became shorter thanthe

minimum acceptable sequence length were excluded from subsequent analysis.This

step prevented highly fragmented or uninformative sequences from contributing

to the metagenomic assembly.

Only the high-quality paired reads were retained for the subsequent metage-

nomic assembly and classification procedures. The removal of sequencing artefacts

and low-quality regions therefore increased the overall reliability of the processed

dataset and reduced the possibility of false taxonomic assignments. Unpaired

reads produced during trimming were not included in the downstream paired-end

analysis [32, 33].
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3.7 Post-Trimming Quality Assessment

After adapter removal and quality trimming, the processed sequencing reads were

reassessed using FastQC. This second quality-control evaluation was performed

to confirm that adapter contamination, low-quality nucleotide positions, and ex-

cessively short reads had been successfully removed. The post-trimming FastQC

reports were compared with the initial quality reports to evaluate the improve-

ment achieved during preprocessing. MultiQC was subsequently used to combine

the individual FastQC outputs into a consolidated quality-control report. This en-

abled the quality metrics of all samples to be examined collectively and facilitated

the identification of samples with unusual quality characteristics. The combined

report provided a consistent overview of preprocessing performance across the com-

plete dataset. Samples that satisfied the required quality criteria after trimming

were retained for metagenomic assembly, whereas any sample showing persistent

technical abnormalities would require further inspection before inclusion in the

downstream analysis [32, 33].

3.8 Metagenomics Assembly

A metagenomic assembler was used to assemble high quality trimmed reads into

contigs. MetaSPAdes was employed for metagenomic assembly since it has been

developed for metagenomic assembly of complex microbial communities, and can

accommodate the heterogeneous abundance patterns typically seen in shotgun

metagenomic datasets. Assembler generated contigs, scaffolds and assembly graph

files [34, 35].

3.9 Contig Binning

Metagenome-assembled genomes were reconstructed from assembled contigs by

binning them into genome bins using MetaBat. Binning was done based on the

composition of contig sequences and based on coverage related information. The

aim of this step was to group contigs originating from the same microbial genome

[36, 37].
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3.10 Genome Bin Assessment using CheckM

CheckM was used to evaluate genome bins reconstructed. CheckM is a pipeline

that assesses metagenome-assembled genomes by lineage-specific marker genes and

estimates the completeness and contamination of genome assemblies. CheckM pro-

duced estimates of completeness, contamination, strain heterogeneity, of marker

lineage and marker gene recovery for each of the bins. Completeness and contam-

ination of the bins were used to determine more reliable bins [38].

3.11 Reads Level Taxonomic Classification Us-

ing Kaiju

Taxonomic profiling at the read level was done with Kaiju. Kaiju categorises

metagenomic reads by similarity of proteins and this enables the detection of mi-

crobial taxa with high sensitivity in complex metagenomic samples. Taxonomic

profiles were created for each sample using kaiju. Raw Kaiju output included

read-level classification results and tabular summary files included abundance in-

formation at various taxonomic levels.

Downstream abundance-based analysis was conducted on the tabular outputs.

Taxonomic summaries were obtained at the phylum, class, order, family, genus

and species level [39]. Overall, 145 samples had Kaiju-based taxonomic profiles.

The number taxa identified varied by taxonomic level, with the largest taxonomic

levels (phylum) having fewer taxa, and the smallest taxonomic level (species-level

profiling) having the most taxa identified.

3.12 Taxonomic Composition Analysis

Taxonomic structure of the microbial community was compared between the Nor-

mal, Obese and Disease groups to understand the structure of microbes. Taxo-

nomic composition plots were prepared at various ranks by using relative abun-

dance matrix. The most abundant taxa were displayed separately from each other

and lower abundance taxa were combined in an “Others” category for readability.
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Composition’s analysis was carried out at phylum, family, genus and species level.

The abundance pattern was analyzed on both the sample and group level. Sample-

wise plots indicated variation between samples while group-wise plots indicated

the average taxonomic structure of each clinical group. These visualizations gave a

general overview of the microbial community changes between obesity and disease

status.

3.13 Wilcoxon Rank-Sum Test

Wilcoxon rank sum test (Mann– Whitney U test) was used to compare alpha

diversity values between each pair of samples. This is a non-parametric test due to

the fact that abundance and diversity data of microbiomes are often not normally

distributed [40]. Pairwise group comparisons were made between the Normal and

Disease group, the Obese and Disease group, and the Normal and Obese group.

The p value was used for every alpha diversity index to assess the statistical

significance in the differences between groups. The P value of <0.05 was considered

statistically significant. The significance levels were as follows: Not significant (p

� 0.05); significant (p < 0.05); highly significant (p < 0.01); very highly significant

(p < 0.001); and extremely significant (p < 0.0001).

3.14 Alpha Diversity Analysis

Alpha diversity analysis is used to assess the diversity, richness, dominance and

evenness of the microbial community within a sample. Taxonomic abundance ma-

trices were used to compute the alpha diversity indices at various ranks. Observed

taxa, Shannon diversity index, Simpson diversity index, inverse Simpson index,

Pielou evenness, dominance index and Chao1 richness estimate were used as di-

versity metrics [41, 42]. Number of detected taxa was observed in each sample.

The Shannon diversity indicated both richness and evenness. Both Simpson and

inverse Simpson indices were used to measure dominance and diversity structure.

The evenness Pielou was used to assess the evenness with which the taxa were dis-

tributed among the samples, whereas the Chao1 was used to estimate the richness

of the samples, taking into account rare taxa. The average number of species in a
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given sample, or group-wise alpha diversity, was compared between the Normal,

Obese and Disease samples [42]. The distribution of diversity values was displayed

using violin plots, boxplots and sample-level points.

3.15 Beta Diversity Analysis

The differences among the microbial community composition of the samples were

evaluated using beta diversity analysis. Relative abundance profiles were used for

calculating Bray–Curtis dissimilarity. Bray–Curtis dissimilarity was chosen as it

is commonly applied in ecological and microbiome studies and takes into account

abundance-based differences between microbial communities. Genus and species

level Bray–Curtis distance matrices were produced. These matrices were employed

for ordination analysis and statistical analysis of the difference between microbial

community groups [41].

3.16 Principal Coordinate Analysis

Normal, Obese and Disease groups were plotted using PCA with Bray–Curtis

dissimilarity matrix. Samples were colored by clinical group and each point in the

PCoA plot was a sample. The first two principal coordinate axes were plotted to

give an overview of the largest sources of variation in the microbial community

structure. The emphasis on genus and species level was due to the fact that these

taxonomic levels offer biologically meaningful resolution for microbial biomarker

discovery [43].

3.17 PERMANOVA Analysis

Microbial community composition was statistically tested for significant differ-

ence among groups by performing a permutational multivariate analysis of vari-

ance (PERMANOVA). Bray–Curtis distance matrices were analysed using PER-

MANOVA with 999 permutations.A p-value < 0.05 was deemed statistically sig-

nificant. Finally, Bray–Curtis PERMANOVA indicated statistically significant

group level separation at the genus and species level with p = 0.001. [44].
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3.18 Differential Abundance Analysis

Differential abundance analysis was carried out to determine taxa that were signif-

icantly different between groups. Wilcoxon rank-sum test/Mann–Whitney U test

was used for taxa-wise comparisons. The pairwise comparisons were Normal vs.

Disease, Obese vs. Disease, and Normal vs. Obese. The primary biological com-

parison was given a special focus: that of Normal versus Disease and Obese versus

Disease. The mean abundance, median abundance, test statistic, p-value, false-

discovery rate (FDR) adjusted p-value, log2 fold-change, detection frequency, and

category of significance were computed for each taxon. The presence or absence

of an enrichment or depletion of a taxon in the Disease group was determined by

calculating a log2 fold change between the Disease and Reference groups. Taxa

which were statistically significant (p < 0.05) were identified. Multiple testing cor-

rection was made using Benjamini–Hochberg procedure. Differentially abundant

taxa were also assessed for their biological relevance and the consistency with the

machine learning-based biomarker results [45–47].

3.19 Machine Learning Based Classification us-

ing XGBoost and Explainable AI

For disease biomarker discovery, XGBoost classification, which is effective on

structured biological data, was used to capture the complex nonlinear relation-

ships among microbial features. The genus- and species-level abundance matrices

were used to train the XGBoost models. If a comparison was made for disease,

then the Disease group was considered the positive class. This enabled the inter-

pretation of models to be directly associated with prediction of disease. Positive

model contributions were features that helped classify Disease and negative model

contributions were features that help classify the non-disease group. The perfor-

mance of models was assessed based on ROC-AUC, confusion matrix, classification

report, and CV AUC [48, 49]. Models that performed well on the disease data

were chosen to analyze via XAI. XGBoost models were used to interpret using

SHAP analysis and to determine the most influential microbial taxa in disease
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classification. SHAP values were calculated for each microbial feature in each

sample. This study, positive SHAP values were considered as taxa contributing to

Disease prediction, and negative SHAP values were considered as taxa contribut-

ing away from Disease prediction. Taxa were ranked according to their overall

importance in the classification model based on mean absolute SHAP values. For

primary disease-associated comparisons (Normal vs Disease, Obese vs Disease),

SHAP analysis was carried out. The resulting SHAP values were then used to de-

termine taxa that have strong predictive importance. SHAP importance was not

the only criterion used for biomarker final selection, however, but was combined

with abundance direction and statistical significance [50, 51].

3.20 Candidate Biomarker Prioritization

Explainable AI results were combined with differential abundance to carry out

final biomarker prioritization. A taxon was selected as a biomarker for a disease

if it had: high SHAP importance, disease-enriched abundance, statistically sig-

nificant Wilcoxon/Mann–Whitney p-value, log2 fold-change sign consistent across

all samples, and acceptable detection frequency across all samples. The final in-

tegrated table listed for each candidate biomarker, taxonomic rank, taxon name,

comparison group, mean absolute SHAP value, mean SHAP value, disease enrich-

ment status, Wilcoxon/Mann–Whitney p-value, FDR p-value, mean abundance

in each group, median abundance in each group, log2 fold-change, detection fre-

quency, and significance category. By combining these approaches, the risk of

relying solely on the importance of these biomarkers was minimized. Final mi-

crobial biomarkers were thus validated both statistically and by machine learning

interpretability.

3.21 Performance Matrices Evaluation

The machine-learning models were tested with common classification indicators

based on the confusion matrix. The samples were split into two classes for each

binary comparison, with the Disease group used as the positive class for disease

associated comparisons. The class labels were then compared against the model
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predictions to get the number of True Positives, True Negatives, False Positives

and False Negatives.

True positive was defined as Disease samples that were correctly classified as Dis-

ease and true negative was defined as non-Disease samples correctly classified as

non-Disease. After the samples were classified, the number of samples that were

classified as Disease when they were actually non-Disease were referred to as False

Positive and those classified as non-Disease when they were actually Disease were

referred to as False Negative.

The overall percentage of samples correctly classified was used as the measure of

accuracy. The percentage of the Disease samples that were predicted as Disease

was measured [52, 53]. For recall, or sensitivity, the percentage of the actual

Disease samples correctly identified by the model will be measured. Specificity

was used for measuring how many times non-Disease were correctly predicted as

non-Disease. The F1 score was derived as the harmonic mean of precision and

recall. This metric was chosen because it offers a fair assessment of the model

performance, particularly if class distribution is not uniform. The ROC curve was

created by varying the classification threshold and plotting the resulting sensitivity

(true positive rate) and false positive rate. The area under the ROC curve was

used to evaluate the overall discriminative ability of the model. A ROC-AUC

close to 1 implied good classification performance while a close to 0.5 was a weak

discrimination. Five-fold cross validation was used to test the stability of the model

performance [60]. In this method, the data set was split into five parts. For each

iteration four subsets were used for training, and one subset for testing. Abundance

matrices were both genus and species level and were evaluated independently of

each other. The primary binary comparisons were for Normal vs Disease, Obese

vs Disease, and Normal vs Obese [54].

3.22 Co-occurrence Analysis

The top genera were selected in each group and pairwise correlation-based associa-

tions were computed to create group-wise co-occurrence networks. Each node was

a genus and each edge retained the positive and/or negative association. Changes
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in the complexity of microbial associations were assessed by comparing network

measures (nodes, edges, average degree, density, positive and negative interac-

tions) between groups [55].

3.23 Data Visualization

The final visualizations have been created with Python. Publication style figures

were made to aid the interpretation of the taxonomic composition, microbial diver-

sity, beta diversity, differential abundance, machine-learning performance, SHAP

interpretation, and integrated biomarker prioritization. The figures were tabu-

lated by analysis type and printed out in high resolution for presentation in the

thesis. All plots were checked to ensure that they were well labeled, the legends

were understandable, the groups were separated in an appropriate manner, and

the formatting was consistent.

3.24 Computational Environment

The bioinformatics preprocessing steps were all done in Ubuntu/WSL. SRA

Toolkit, FastQC, MultiQC, Trimmomatic, metaSPAdes, Binning tools, CheckM,

GTDB-Tk, and Kaiju were the main tools used in the analysis. Analysis of down-

stream data has been carried out in Python using the following libraries: pandas,

numpy, scipy, scikit-bio, scikit-learn, xgboost, shap, matplotlib, and seaborn. The

data that was obtained from each workflow was stored in different folders: Raw

Data, QC Reports, Trimmed Reads, Assembly Outputs, Genome Bins, Taxonomic

Classification Files, Abundance Matrices, Statistical Results, Machine Learning

Results, SHAP Results, and Final Figures. This organization provided the re-

producibility and ensured that all intermediate and final outputs were kept for

validation and reporting purposes.
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Results

4.1 FastQC Report

The representative SRA read file passed all major quality assessment modules from

the FastQC quality assessment.

Figure 4.1: General FastQC summary of SRR782588.

It includes basic statistics, per-base sequence quality, per-sequence quality scores,

per-base sequence content, GC content, N content, sequence length distribution,

duplication levels, overrepresented sequences and adapter content. Basic statistics

as shown in figure 4.1 demonstrated that a conventional base call FASTQ file was

present and encoded in the Sanger/Illumina 1.9 format, that contained approxi-

mately 41.08 million reads, 5.1 Gbp of total bases, a fixed read length of 125 bp

and 44% GC content, with none of the reads being flagged as poor quality. Per-

base sequence quality was mostly in the high-quality range throughout the length

of the read and the distribution of per-sequence quality scores was clustered at

34
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high Phred scores.

The base composition exhibited relatively constant nucleotide proportions at each

position and the GC distribution was unimodal as expected. There was essen-

tially no per-base N content (little ambiguity of base calling) and a reasonable

distribution of sequence lengths (125 bp) was confirmed.

4.2 Adapter Removal and Quality Trimming us-

ing Trimmomatic

To remove low-quality sequences and adapter-contaminated reads from selected

SRA read datasets, they were processed with a trimmomatic-based pipeline before

metagenomic analysis was performed as shown in figure 4.2.

Figure 4.2: Summary of adapter removal and read-quality trimming using
Trimmomatic.

The proportion of reads retained after QC was relatively high for all samples dis-

played, suggesting that the raw sequencing data sets were appropriate for further

processing by assembly and taxonomic profiling. A small percentage of discarded

reads further suggests that only a small percentage of sequences did not meet

trimming criteria.

4.3 Metagenomics Assembly Summary

A total of 43,921 contigs of about 45.67 Mbp in total were retrieved from the

metagenomic assembly. No contigs exceeded 100,000 bp. The assembly showed
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an N50 value of 24,310 bp, N75 of 7604 bp, L50 of 1092, and L75 of 12,453, with

an average GC content of approximately 46.16%. The contig rank was plotted

against the cumulative length curve which was used to show the distribution of

sequence length of assembled sequences by contig as shown in figure 4.3. These

assembly statistics indicate that the generated contigs provided sufficient sequence

continuity for subsequent taxonomic and functional analyses. The observed GC

content also reflects the diverse genomic composition of the microbial community.

Figure 4.3: Metagenomic assembly statistics of assembled contigs.

4.4 Contig Binning Performance

The number of inputs contigs, binned contigs, and reconstructed genome bins were

found to vary for selected metagenomic samples using contig binning analysis.

The bar plot revealed that there was a high number of contigs assembled for each

sample and that a reasonable number of these contigs were assembled and binned

into the genome bins. Binning recovery ranged from 45% to nearly 70%, varied by

sample. The number of reconstructed genome bins also varied among the datasets

with some samples containing over 200 genome bins and others only a handful of

reconstructed genome bins (less than 100) as shown in figure 4.4.
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Figure 4.4: Summary of metagenomic contig binning performance across se-
lected samples.

4.5 Genome Bin Assessment using CheckM

Selected metaSPAdes assemblies were analyzed based on CheckM for genome-

bin quality assessment focusing on marker-copy distribution, missing markers,

heterogeneity, and contamination levels. The heat map as shown in figure 4.5

revealed that the sampled bins had large amounts of multi-copy marker signals, and

that there was good coverage within the contamination category for the assemblies

presented. The number of missing marker signals was relatively small and the

number of heterogeneity signals varied per sample. In total, the CheckM profile

revealed that genome bins reconstructed from the sample needed quality filtering

prior to being used for subsequent genome-resolved analysis as valid metagenome-

assembled genomes.
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Figure 4.5: CheckM-based genome completeness assessment of recovered
metaSPAdes assemblies, showing single-copy marker distribution, missing mark-

ers, heterogeneity, and contamination levels across assemblies 86–97.

4.6 Taxonomic Composition Analysis

Overall, the taxonomic composition analysis showed that the 145 metagenomic

samples contained a diverse gut microbial community distributed across 31

phyla,52 classes, 114 orders, 203 families, 388 genera, and 535 species.The commu-

nity was dominated at higher taxonomic ranks by Bacillota, mainly represented

by Clostridia, with major contributions from Lachnospirales, Eubacteriales, Lach-

nospiraceae, and Oscillospiraceae at subsequent ranks. At lower taxonomic levels,

the profiles became increasingly diverse, with genera such as Faecalibacterium,

Blautia, Bacteroides, Bifidobacterium, Anaerostipes, Anaerobutyricum, Segatella,

and Dorea contributing substantially to the overall composition. Species-level

profiling revealed the greatest variation among samples, with abundant taxa such

as Anaerostipes hadrus, Anaerobutyricum hallii, [Ruminococcus] torques, Dorea

longicatena, Segatella copri, Blautia obeum, Faecalibacterium prausnitzii, and Bi-

fidobacterium longum. The overall pattern shows that higher taxonomic ranks
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were dominated by a few major bacterial groups, whereas genus- and species-level

profiles revealed stronger sample-specific variation.

Table 4.1: Top ten phyla ranked according to their mean relative abundance
across all study samples.

Rank Phylum Mean relative abundance (%)

1 Bacillota 57.511

2 Bacteroidota 13.611

3 Actinomycetota 5.558

4 Pseudomonadota 0.745

5 Chloroflexota 0.700

6 Thermotogota 0.435

7 Verrucomicrobiota 0.393

8 Methanobacteriota 0.111

9 Thermodesulfobacteriota 0.095

10 Mycoplasmatota 0.075

At the phylum level as shown in table 4.1, the taxonomic profile showed that

the microbial community was mainly dominated by Bacillota, which was detected

in all 145 samples and represented the highest mean relative abundance across

the dataset. Bacteroidota formed the second major phylum and was also widely

distributed among samples, followed by Actinomycetota, Pseudomonadota, Chlo-

roflexota, Verrucomicrobiota, and other low-abundance phyla. The stacked bar

plot shows that most samples were characterized by a large Bacillota fraction,

while the contribution of Bacteroidota and other phyla varied among samples.

This indicates that the overall microbial community structure was dominated by

a few major bacterial phyla, with additional minor phyla contributing to sample-

specific variation. The dominance of Bacillota and Bacteroidota reflects the major

contribution of these phyla to the overall gut microbial structure. Variations in

the less abundant phyla may indicate individual- or condition-specific differences

among the study samples.
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Table 4.2: Top ten microbial classes ranked according to their mean relative
abundance across all study samples.

Rank Class Mean relative abundance (%)

1 Clostridia 49.063
2 Bacteroidia 13.060
3 Actinomycetes 3.006
4 Bacilli 2.888
5 Coriobacteriia 2.393
6 Erysipelotrichia 1.983
7 Negativicutes 1.772
8 Dehalococcoidia 0.520
9 Gammaproteobacteria 0.502
10 Thermotogae 0.435

At the class level as shown in table 4.2, the dominant bacterial class was Clostridia,

which accounted for the major portion of classified reads across nearly all samples.

This pattern matches the strong dominance of Bacillota observed at the phylum

level. Bacteroidia formed the second major class, corresponding to Bacteroidota,

while Actinomycetes, Bacilli, Coriobacteriia, Erysipelotrichia, Negativicutes, Ver-

rucomicrobiia, Gammaproteobacteria, and Thermotogae were detected at lower

relative abundances. The class-level plot shows that although Clostridia remained

the most consistent and abundant group, several other classes contributed variably

across individual samples, producing visible differences in community composition.

Table 4.3: Top ten microbial orders ranked according to their mean relative
abundance across all study samples.

Rank Order Mean relative abundance (%)

1 Lachnospirales 20.602
2 Eubacteriales 16.639
3 Bacteroidales 13.059
4 Lactobacillales 2.689
5 Bifidobacteriales 2.687
6 Erysipelotrichales 1.983
7 Coriobacteriales 1.919
8 Veillonellales 1.134
9 Peptostreptococcales 0.736
10 Dehalococcoidales 0.520
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At the order level as shown in table 4.3, presents the ten most abundant microbial

orders identified across all study samples on the basis of their mean relative abun-

dance. Among these orders, Lachnospirales was the most dominant, with a mean

relative abundance of 20.602%. It was followed by Eubacteriales and Bacteroidales,

which exhibited mean relative abundances of 16.639% and 13.059%, respectively.

Collectively, these three dominant orders accounted for approximately 50.300% of

the overall microbial composition at the order level.This finding indicates that a

substantial proportion of the gut microbial community was concentrated within

a relatively small number of highly abundant bacterial orders.The predominance

of Lachnospirales and Eubacteriales reflects the strong representation of bacte-

rial groups commonly associated with the anaerobic environment of the human

gastrointestinal tract.The next most abundant orders were Lactobacillales and Bi-

fidobacteriales, with mean relative abundances of 2.689% and 2.687%, respectively.

Although their abundances were considerably lower than those of the three dom-

inant orders, both remained consistently represented within the overall microbial

profile. Erysipelotrichales and Coriobacteriales showed mean relative abundances

of 1.983% and 1.919%, respectively.

Table 4.4: Top ten microbial families ranked according to their mean relative
abundance across all study samples.

Rank Family Mean relative abundance (%)

1 Lachnospiraceae 20.555

2 Oscillospiraceae 13.926

3 Bacteroidaceae 5.813

4 Prevotellaceae 4.467

5 Bifidobacteriaceae 2.687

6 Streptococcaceae 2.033

7 Coprobacillaceae 1.816

8 Coriobacteriaceae 1.688

9 Rikenellaceae 1.365

10 Veillonellaceae 1.134
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At the family level as shown in table 4.4, the dominant families included Lach-

nospiraceae and Oscillospiraceae, followed by Prevotellaceae, Bacteroidaceae, Bi-

fidobacteriaceae, Streptococcaceae, Coprobacillaceae, Coriobacteriaceae, Rikenel-

laceae, Veillonellaceae, Akkermansiaceae, and Clostridiaceae.

Table 4.5: Top ten microbial genera ranked according to their mean relative
abundance across all study samples.

Rank Genus Mean relative abundance (%)

1 Faecalibacterium 6.235

2 Blautia 4.765

3 Bacteroides 4.167

4 Bifidobacterium 2.672

5 Anaerostipes 2.080

6 Streptococcus 2.013

7 Mediterraneibacter 1.930

8 Segatella 1.928

9 Ruminococcus 1.919

10 Anaerobutyricum 1.758

The family-level plot showed greater diversity compared with higher ranks, as

multiple families contributed measurable proportions within each sample. Lach-

nospiraceae was consistently abundant across the dataset, while Bacteroidaceae

and Prevotellaceae showed stronger variation between samples.This level high-

lights a broader distribution of gut microbial families and provides a clearer view

of differences amongindividual metagenomic profiles.Together, these three fam-

ilies accounted for approximately 40.294% of the overall microbial composition

at the family level, indicating their major contribution to the structure of the

gut microbiome. Prevotellaceae was the fourth most abundant family, with a

mean relative abundance of 4.467%, while Bifidobacteriaceae and Streptococcaceae

contributed 2.687% and 2.033%, respectively. The remaining families, including

Coprobacillaceae, Coriobacteriaceae, Rikenellaceae, and Veillonellaceae, exhibited
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comparatively lower mean relative abundances ranging from 1.134% to 1.816%.

Collectively, the ten leading families represented approximately 55.484% of the

total microbial abundance, demonstrating that more than half of the family-level

microbial community was concentrated within these dominant taxa.

At the genus level as shown in table 4.5, presents the ten most abundant micro-

bial genera identified across all study samples according to their mean relative

abundance.Among these genera,Faecalibacterium was the most dominant, with a

mean relative abundance of 6.235%, followed by Blautia at 4.765% and Bacteroides

at 4.167%. Together,these three genera accounted for approximately 15.167%of

the overall microbial composition at the genus level, indicating their substantial

contribution to the gut microbial community.Bifidobacterium and Anaerostipes

showed mean relative abundances of 2.672% and 2.080%, respectively, while Strep-

tococcuscontributed 2.013%. The remaining genera, including Mediterraneibacter,

Segatella, Ruminococcus, andAnaerobutyricum, exhibited relatively similar mean

abundances ranging from 1.758% to 1.930%. Collectively, the ten dominant genera

represented approximately 29.467% of the total microbial abundance,suggesting

that the genus-level gut microbiome consisted of several prominent taxa together

with a large proportion of less abundant genera.

Table 4.6: Top ten microbial species ranked according to their mean relative
abundance across all study samples.

Rank Species Mean relative abundance (%)

1 Anaerostipes hadrus 2.071

2 Anaerobutyricum hallii 1.758

3 [Ruminococcus] torques 1.422

4 Faecalibacterium prausnitzii 1.383

5 Faecalibacillus intestinalis 1.348

6 Segatella copri 1.196

7 Dorea longicatena 1.043

8 Blautia obeum 0.955

9 Phocaeicola vulgatus 0.905

10 Bifidobacterium longum 0.738
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At the species level as shown in table 4.6, presents the ten most abundant mi-

crobial species identified across all study samples according to their mean relative

abundance. Among these species, Anaerostipes hadrus was the most abundant,

with a mean relative abundance of 2.071%, followed by Anaerobutyricum hallii at

1.758% and [Ruminococcus] torques at 1.422%. Faecalibacterium prausnitzii and

Faecalibacillus intestinalis also contributed substantially to the overall species-

level profile, with mean relative abundances of 1.383% and 1.348%, respectively.

The remaining dominant species included Segatella copri at 1.196%, Dorea longi-

catena at 1.043%, Blautia obeum at 0.955%, Phocaeicola vulgatus at 0.905%, and

Bifidobacterium longum at 0.738%. Collectively, these ten species accounted for

approximately 12.819% of the overall microbial abundance, indicating that the

species-level gut microbiome was highly diverse and that a considerable propor-

tion of the community consisted of numerous lower-abundance species. The pre-

dominance of Anaerostipes hadrus, Anaerobutyricum hallii, and Faecalibacterium

prausnitzii indicates the strong representation of anaerobic gut microorganisms

within the study population. However, because these values were calculated as

averages across normal, obese, and disease samples, they describe the overall tax-

onomic composition rather than condition-specific changes.

The species-level taxonomic composition grouped by metadata category showed

visible differences in microbial community structure among the Normal, Obese,

and Disease groups as shown in figure 4.6. The metadata summary indicated that

the dataset contained 72 Disease samples, 44 Normal samples, and 40 Obese sam-

ples. In the stacked bar plot, Normal and Obese samples showed a more mixed and

relatively balanced species distribution, with several species contributing moderate

proportions across samples, including Segatella copri, Faecalibacterium prausnitzii,

Anaerostipes hadrus, Phocaeicola vulgatus, Faecalibacillus intestinalis, Anaerobu-

tyricum hallii, [Ruminococcus] torques, Dorea longicatena, Blautia obeum, and

Bifidobacterium longum. In contrast, the Disease group showed stronger sample-

to-sample variation, with some samples dominated by fewer species and a larger

proportion of reads assigned to Others or selected taxa. The statistical screening

further showed that significant taxonomic differences were detected across multi-

ple ranks, with 2 significant phyla out of 22 tested taxa, 6 significant families out
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of 99 tested taxa, 12 significant genera out of 191 tested taxa, and 11 significant

species out of 242 tested taxa at p < 0.05. Overall, the figure shows that species-

level composition varies across the metadata groups, with the clearest taxonomic

differentiation appearing at the genus and species levels.

(A) Species-level taxonomic composition across metadata groups.

(B) Summary of statistically significant taxa across taxonomic levels.

Figure 4.6: Species-level taxonomic composition and summary of statistically
significant taxa across metadata groups. Stacked bar plots show the relative
abundance of dominant species across Normal, Obese, and Disease groups, while
the summary plot shows the number of significant taxa detected at different

taxonomic levels using a threshold of p < 0.05.

4.7 Wilcoxon Rank-Sum Test

4.7.1 Normal vs Obese Comparison

The Mann–Whitney U test-based differential taxa analysis as shown in figure 4.7

between the Normal and Obese groups identified significant differences across mul-

tiple taxonomic ranks. At the phylum level, Actinomycetota and Verrucomicro-

biota showed significant differences between the two groups, with Actinomycetota

showing comparatively higher abundance in the Obese group, while Verrucomi-

crobiota remained low in both groups but differed significantly.
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Figure 4.7: Mann–Whitney U test-based differential abundance analysis be-
tween the Normal and Obese groups across multiple taxonomic levels. Panel
present the significantly different taxa identified at the phylum, family, genus,
and species levels, respectively. Red boxplots represent the Normal group,
whereas blue boxplots represent the Obese group. Each point corresponds to the
relative abundance of a taxon in an individual sample. The central line within
each box represents the median, the box indicates the interquartile range, and

the whiskers illustrate the variability of the abundance values.
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At the family level, six families were significantly different, including Enterobac-

teriaceae, Oxalobacteraceae, Monoglobaceae, Lachnospiraceae, Akkermansiaceae,

and Turicibacteraceae. Among these, Lachnospiraceae showed relatively higher

abundance and wider distribution in both groups compared with the other signifi-

cant families. At the genus level, twelve genera were significantly different, includ-

ing Pseudoflavonifractor, Pusillibacter, Salmonella, Oxalobacter, Allocoprobacillus,

Monoglobus, Clostridium, Akkermansia, Anaerococcus, Prevotella, Enterocloster,

and Turicibacter. Most of these genera showed low median abundance, with in-

dividual samples showing higher outlier values. At the species sp. CPB-2, and

Haemophilus parainfluenzae. The species-level plots showed generally low abun-

dance for most taxa, with several taxa appearing as sparse or sample-specific

signals rather than uniformly abundant across all samples.

4.7.2 Normal vs Disease Comparison

The Mann–Whitney U test revealed extensive differences in microbial abundance

between the Normal and Disease groups across all taxonomic levels, as shown

in Figure 4.8. At p < 0.05, significant differences were identified in 19 of 26

tested phyla, 86 of 130 families, 158 of 240 genera, and 210 of 306 species, with

the greatest number occurring at the genus and species levels. At the phylum

level, Verrucomicrobiota, Bacillota, and Actinomycetota differed significantly, with

Bacillota and Actinomycetota showing greater abundance in Normal samples. Sev-

eral families, including Akkermansiaceae, Butyricicoccaceae, Lachnospiraceae, Bifi-

dobacteriaceae, and Clostridiaceae, were also more abundant in the Normal group,

whereas Morganellaceae and Odoribacteraceae were comparatively enriched in Dis-

ease samples. At the genus level, beneficial or commensal taxa such as Roseburia,

Anaerobutyricum, Dorea, Coprococcus, Subdoligranulum, and Anaerostipes were

significantly reduced in Disease samples. Similar differences were observed at the

species level, indicating substantial microbial dysbiosis and a general reduction

in several potentially beneficial gut microorganisms in the Disease group. The

taxa showing statistically significant differences in relative abundance between

the Normal and Disease groups across phylum, family, genus, and species lev-
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els. The phylum-level plots demonstrate broad shifts in the microbial community,

while the family- and genus-level panels provide greater taxonomic resolution and

reveal that several commensal microbial groups were more abundant in Normal

samples. At the species level, the larger number of significant taxa indicates that

disease-associated alterations were most clearly detected at finer taxonomic ranks.

Differences in medians, interquartile ranges, and sample-wise distributions further

show that some taxa were consistently altered across the groups, whereas others

displayed substantial inter-individual variability.

Overall, the figure demonstrates widespread restructuring of the gut microbiome

in the Disease group, characterized by the reduction of several normally abundant

taxa and the enrichment of selected disease-associated microorganisms. These

consistent taxonomic shifts suggest that the identified microbial groups may con-

tribute to the distinction between healthy and disease-associated gut profiles and

act as as non-invasive biomarkers.



Results 49

Figure 4.8: Mann–Whitney U test-based differential taxa analysis between
Normal and Disease groups. Boxplots show significantly different taxa between
Normal and Disease samples across the phylum, family, genus, and species levels.
Each point represents an individual sample, boxes show group-wise abundance
distributions, and asterisks indicate statistically significant differences at p <
0.05. The figures demonstrate the progression of disease-associated microbial

differences from broad to specific taxonomic levels.

4.7.3 Obese vs Disease Comparison

The Mann–Whitney U test-based differential abundance analysis showed extensive

taxonomic differences between the Obese and Disease groups across all evaluated

taxonomic ranks as shown in figure 4.9. The console summary indicated that, at p

< 0.05, 18 of 26 phyla, 81 of 123 families, 154 of 234 genera, and 211 of 295 species

were significantly different between the two groups, with the largest number of

significant taxa detected at the species level. At the phylum level, Bacillota and

Actinomycetota showed higher relative abundance in the Obese group, whereas

Bacteroidota was higher in the Disease group.

At the family level, several families including Lachnospiraceae, Bifidobacteri-

aceae, Butyricicoccaceae, and Akkermansiaceae were more abundant in Obese

samples, while Morganellaceae, Odoribacteraceae, Streptomycetaceae, and Vib-
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rionaceae showed higher abundance in Disease samples. At the genus level, Obese

samples showed higher abundance of multiple gut-associated genera, including

Anaerobutyricum, Enterocloster, Dorea, Roseburia, Solibaculum, Coprococcus,

Anaerostipes, Vescimonas, and Subdoligranulum, whereas Morganella and Wan-

suia were increased in Disease samples.

At the species level, several species such as [Ruminococcus] torques, Anaerostipes

hadrus, Anaerobutyricum hallii, Blautia obeum, Dorea formicigenerans, Solibac-

ulum mannosilyticum, Ethordicoccus fuertiuminis, Dorea longicatena, Bifidobac-

terium longum, Coprococcus comes, Eubacterium ramulus, Vescimonas coprophila,

Vescimonas fastidiosa, Coprococcus catus, Bifidobacterium animalis, Enorma pho-

caeensis, and [Ruminococcus] lactaris were higher in the Obese group, while Mor-

ganella morganii, Salmonella enterica, Paenoreptidonas aminofrementans, and

Odoribacter splanchnicus showed higher abundance in Disease samples. Overall,

the figure demonstrates strong group-wise separation between Obese and Dis-

ease samples, with Disease-associated samples showing enrichment of selected

Bacteroidota- and Proteobacteria- related taxa, while Obese samples retained

higher abundance of several Bacillota-associated gut taxa.

These findings suggest that disease-related dysbiosis involves coordinated changes

across multiple taxonomic levels rather than variation in a single microbial group.

The significantly altered taxa represent potential candidates for biomarker prior-

itization.
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Figure 4.9: Mann–Whitney U test-based differential taxa analysis between
Obese and Disease groups. Boxplots show significantly different taxa between
Obese and Disease samples across the phylum, family, genus, and species levels.
Each point represents an individual sample, boxes show group-wise abundance
distributions, and asterisks indicate statistically significant differences at p <
0.05. The figures demonstrate the progression of disease-associated microbial

differences from broad to specific taxonomic levels.

4.8 Alpha Diversity Analysis

The species-level alpha diversity comparison showed differences in microbial rich-

ness and diversity among the Normal, Obese, and Disease groups. In the alpha

diversity plots, the Normal group generally showed higher observed taxa, Shannon
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diversity, Simpson diversity, and Chao1 richness, while the Disease group showed

comparatively lower diversity values across most indices.

For observed taxa, Normal samples displayed a higher median richness than Dis-

ease samples, while the Obese group showed an intermediate distribution.

The Shannon diversity index showed a similar pattern, with lower species diversity

in the Disease group compared with Normal and Obese groups.

The Simpson diversity index also decreased in the Disease group, indicating re-

duced evenness and dominance structure at the species level.

For Chao1 richness, Normal samples showed higher estimated richness than Dis-

ease samples, whereas the Normal–Obese comparison was not significant.

Overall, the alpha diversity results indicate that species-level microbial richness

and diversity were reduced in Disease samples compared with the Normal and

Obese groups as shown in figure 4.8.

(A) Observed taxa: Species richness based on the number of observed taxa,

showing lower richness in the Disease group compared with the Normal and

Obese groups.
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(B) Shannon diversity index: Species-level diversity incorporating richness

and evenness, showing reduced diversity in the Disease group.

(C) Simpson diversity index: Diversity index reflecting species dominance

and evenness, with lower values observed in Disease samples.
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(D) Chao1 richness: Estimated species richness across the groups,

showing a significant reduction in Disease samples compared with Normal

samples, while the Normal–Obese comparison was non-significant.

4.9 Beta Diversity Analysis

The species-level Bray–Curtis beta diversity analysis showed clear differences in

community composition among the metadata groups as shown in figure 4.10. The

Bray–Curtis distance heatmap displayed pairwise dissimilarity among samples,

with values ranging from 0 to 1, where darker colors indicate lower dissimilarity

and yellow colors indicate higher dissimilarity.

The diagonal line represents zero distance between identical samples, while the

block-like color patterns indicate that some sample groups shared more similar

species-level profiles internally than with other groups.The contrast suggests struc-

tured microbial variation among the clinical categories.

The PCoA plot further showed separation of the groups based on Bray–Curtis dis-

tances. Disease samples formed a distinct cluster on the negative side of PCoA1,

clearly separated from the Normal and Obese samples, while Normal and Obese

samples clustered closer together on the positive side of PCoA1 with partial over-

lap. PCoA1 explained 32.56% of the total variation, and PCoA2 explained 9.18%,

together capturing 41.74% of the species-level community variation. The shape
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Figure 4.10: Bray–Curtis distance heatmap: Pairwise species-level dissimilar-
ity matrix across samples, where darker colors represent lower dissimilarity and

yellow colors represent higher dissimilarity.

coding for sex showed both male and female samples within the groups, but the

dominant separation pattern was mainly associated with disease status rather than

sex. Overall, the Bray–Curtis analysis indicates strong species-level compositional

differences between Disease samples and the other two groups, while Normal and

Obese communities showed comparatively closer clustering as shown in figure 4.11.

This distinct clustering indicates that disease status was the major factor driving

variation in species-level gut microbial composition.

4.10 PERMANOVA Analysis

PERMANOVA analysis based on Bray–Curtis distances showed significant beta

diversity differences among the Disease, Obese, and Normal groups across all tax-
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Figure 4.11: Bray–Curtis PCoA plot: Principal coordinate analysis based on
species-level Bray–Curtis distances, showing clear separation of Disease samples

from Normal and Obese samples along PCoA1.

onomic ranks as shown in figure 4.12. A total of 144 metadata-matched samples

were included, comprising 66 Disease, 40 Obese, and 38 Normal samples. Sig-

nificant group-wise differences were observed at the phylum, class, order, family,

genus, and species levels, with all ranks showing p = 0.001 based on 999 permuta-

tions. The highest PERMANOVA test statistic was observed at the phylum level

(196.42), followed by class (143.27), order (81.26), family (48.98), genus (45.78),

and species (35.89). The decreasing test statistic from higher to lower ranks in-

dicates that group-level compositional separation was strongest at broader taxo-

nomic levels, while significant differences were still retained at genus and species

levels. These results confirm that disease status was associated with significant

shifts in overall gut microbial community structure across all taxonomic ranks. The

decreasing PERMANOVA test statistic from phylum to species suggests stronger

group-level separation at broader taxonomic levels.
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Figure 4.12: PERMANOVA-based comparison of Bray–Curtis beta diversity
across taxonomic ranks. The plot shows PERMANOVA test statistics for phy-
lum, class, order, family, genus, and species levels across Disease, Obese, and
Normal groups. All taxonomic ranks showed significant group-wise composi-
tional differences (p = 0.001) based on 999 permutations, with the strongest
separation observed at the phylum level followed by class, order, family, genus,

and species levels.

4.11 Machine Learning Based Classification us-

ing XGBoost and Explainable AI for Can-

didate Biomarker Proritization

4.11.1 Random Forest Species-level Biomarker Classifica-

tion Results

Species-level Random Forest biomarker classification showed strong discriminatory

performance for disease-associated comparisons but weak separation between Nor-

mal and Obese groups. For Normal vs Disease, the model achieved an AUC and

cross-validation AUC of 1.000, with the confusion matrix showing correct classifica-

tion of all Disease and Normal test samples. Similarly, the Obese vs Disease model

achieved an AUC and cross-validation AUC of 1.000, with all Disease and Obese

samples correctly classified. In contrast, the Normal vs Obese model showed poor
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classification performance, with a test AUC of 0.340 and cross-validation AUC

of 0.554, indicating substantial overlap in species-level microbial profiles between

these groups.

4.11.1.1 Normal vs Disease Comparison

For the Normal vs Disease comparison, the species-level Random Forest biomarker

model showed complete classification performance, with both the test AUC and

cross-validation AUC reaching 1.000. The confusion matrix confirmed perfect

separation between the two groups, correctly classifying all 17 Disease samples

and all 9 Normal samples, with no false-positive or false-negative predictions. The

ROC curve also showed an ideal profile, with the curve reaching the upper-left

corner and an AUC of 1.000, indicating complete discrimination between Normal

and Disease samples as shown in figure 4.13.

The corresponding biomarker abundance heatmap showed a clear group-wise sep-

aration pattern, where several top-ranked species displayed higher relative abun-

dance in one group and reduced abundance in the other. The Random For-

est importance plot identified the top species-level biomarkers contributing to

this classification, with Dorea formicigenerans, Anaerobutyricum hallii, Blau-

tia obeum, Chordicoccus furentiruminis, Anaerostipes hadrus, Dorea longicatena,

[Ruminococcus] torques, Morganella morganii, Solibaculum mannosilyticum, and

Wansuia hejianensis among the highest-ranking taxa. Overall, the model results

show that species-level microbial features strongly differentiated Normal and Dis-

ease groups as shown in figure 4.14.

4.11.1.2 Normal vs Obese Comparison

For the Normal vs Obese comparison, the species-level Random Forest model

showed weak classification performance, with a test AUC of 0.340 and a cross-

validation AUC of 0.554. The confusion matrix showed substantial misclassifi-

cation between the two groups, with only 2 Normal samples correctly classified

and 8 Normal samples incorrectly predicted as Obese, while 7 Obese samples were

correctly classified and 3 Obese samples were incorrectly predicted as Normal.
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(A) Confusion matrix

(B) ROC curve

Figure 4.13: Normal vs Disease comparison using species-level Random Forest
biomarker classification. The confusion matrix shows classification performance,

while the ROC curve represents model discrimination ability.

The ROC curve remained close to the diagonal reference line and produced an

AUC below 0.5, indicating poor discriminatory ability between Normal and Obese

samples at the species level as shown in figure 4.15.

The biomarker heatmap showed some variation in abundance patterns across se-

lected species, but the separation between groups was not as clear as observed in

the disease comparisons. The Random Forest importance plot ranked Akkerman-

sia muciniphila, Bifidobacterium longum, [Clostridium] symbiosum, Anaerostipes
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(A) Biomarker abundance heatmap (B) Random Forest feature importance

Figure 4.14: Normal vs Disease comparison using species-level Random For-
est biomarker classification. The heatmap shows the abundance pattern of top
species-level biomarkers across samples, while the feature importance plot high-

lights the most influential microbial taxa contributing to classification.

hadrus, Blautia luti, Phocaeicola dorei, Chordicoccus furentiruminis, Dorea long-

icatena, Monoglobus pectinilyticus, and Anaerobutyricum hallii among the top

contributing species. Overall, the Normal and Obese groups showed overlapping

species-level profiles, resulting in limited classification accuracy as shown in fig-

ure 4.16.

4.11.1.3 Obese vs Disease Comparison

For the Obese vs Disease comparison, the species-level Random Forest biomarker

model again showed complete classification performance, with both the test AUC

and cross-validation AUC reaching 1.000. The confusion matrix demonstrated

perfect prediction of both classes, correctly identifying all 17 Disease samples and

all 10 Obese samples, with no misclassified samples. The ROC curve confirmed

this complete discriminatory performance, with an AUC of 1.000 as shown in

figure 4.17.

The biomarker abundance heatmap showed strong group-wise separation between

Obese and Disease samples, with several top-ranked species displaying distinct
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(A) Confusion matrix

(B) ROC curve

Figure 4.15: Normal versus Obese comparison at the species level using Ran-
dom Forest biomarker classification. The confusion matrix shows misclassifica-
tion between the two groups, while the ROC curve indicates poor discriminatory

performance with an AUC below 0.5.
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(A) Biomarker abundance heatmap (B) Random Forest feature importance

Figure 4.16: Normal vs Obese Comparison Specie Level Random Forest
Biomarker Classification Heatmap and Feature Importance.

(A) Confusion matrix

(B) ROC curve

Figure 4.17: Obese vs Disease Comparison Specie Level Random Forest
Biomarker Classification Confusion Matrix and ROC Curve.
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abundance patterns across the two groups. The Random Forest importance plot

identified Morganella morganii as the highest-ranking biomarker, followed by

Anaerostipes hadrus, Anaerobutyricum hallii, [Ruminococcus] torques, Solibacu-

lum mannosilyticum, Blautia obeum, Bifidobacterium longum, Salmonella enter-

ica, Bacteroides eggerthii, and Dorea formicigenerans. Overall, these results in-

dicate that species-level microbial markers provided strong separation between

Obese and Disease groups as shown in figure 4.18.

(A) Biomarker abundance heatmap (B) Random Forest feature importance

Figure 4.18: Obese vs Disease Comparison Specie Level Random Forest
Biomarker Classification Heatmap and Feature Importance.

4.11.2 XAI-based Disease Biomarker Analysis

The final integrated biomarker output identified 825 total integrated biomarkers,

of which 401 were disease-enriched biomarkers. Among these, 303 biomarkers met

the high-confidence disease biomarker criterion of p < 0.05. Across both Normal vs

Disease and Obese vs Disease comparisons, XAI-based classification highlighted a

consistent set of disease-associated species, including Anaerostipes hadrus, Anaer-

obutyricum hallii, [Ruminococcus] torques, Dorea longicatena, Faecalibacterium

prausnitzii, and Phocaeicola vulgatus. Model performance was strongest for Nor-

mal vs Disease, with perfect classification and AUC = 1.000, while Obese vs
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Disease also showed high discrimination with AUC = 0.976 and only one misclas-

sified sample. Overall, the XAI-based biomarker analysis identified a robust set

of species-level disease-associated taxa supported by both model performance and

SHAP-based feature contribution.

4.11.2.1 Normal vs Disease Comparison

For the Normal vs Disease comparison, the XAI-based species-level biomarker

model showed strong disease-classification performance. The ROC curve produced

an AUC of 1.000, indicating complete discrimination between Normal and Disease

samples. This was supported by the confusion matrix, where all 10 Normal samples

and all 16 Disease samples were correctly classified, with no false-positive or false-

negative predictions as shown in figure 4.19.

The table 4.7 presents the biomarkers ranked using integrated machine-learning

and statistical criteria, including SHAP importance, p-value, FDR-adjusted sig-

nificance, and log2 fold change.

Most biomarkers, including Anaerostipes hadrus, Anaerobutyricum hallii, Dorea

longicatena, and Faecalibacterium prausnitzii, were enriched in the normal group,

whereas Clostridium perfringens, Phocaeicola vulgatus, and Haemophilus parain-

fluenzae showed higher abundance in the disease group, indicating potential mi-

crobial signatures associated with disease status.

The SHAP biomarker ranking identified Anaerostipes hadrus as the most influen-

tial disease-positive biomarker, followed by Anaerobutyricum hallii, [Ruminococ-

cus] torques, Dorea longicatena, Dorea formicigenerans, Pauldosa sp. MB14-C6,

Faecalibacterium prausnitzii, Clostridium perfringens, Phocaeicola vulgatus, and

Haemophilus parainfluenzae. The disease-associated SHAP heatmap showed clear

group-wise abundance differences for the selected biomarkers, with several taxa

displaying stronger signal in the Disease group compared with Normal samples.

The SHAP summary plot further showed that the top-ranked biomarkers con-

tributed positively toward the Disease class prediction, confirming their impor-

tance in model-based disease discrimination as shown in figure 4.20.
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(A) Confusion matrix

(B) ROC curve

Figure 4.19: XAI-based disease-associated species biomarker analysis for Nor-
mal vs Disease comparisons Confusion Matrix and ROC Curve.
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Table 4.7: Top species-level biomarkers identified using SHAP importance,
statistical significance, FDR correction, and log2 fold-change analysis between

Normal and Disease groups.

Taxon Higher in SHAP p-value FDR log2FC

Anaerostipes hadrus Normal 2.8362 1.05e-22 4.91e-21 -24.93
Anaerobutyricum hallii Normal 0.3792 1.05e-22 4.91e-21 -24.81
[Ruminococcus] torques Normal 0.1544 1.05e-22 4.91e-21 -24.51
Dorea longicatena Normal 0.0344 6.24e-22 1.83e-20 -24.30
Dorea formicigenerans Normal 0.0151 1.05e-22 4.91e-21 -23.09
Paludicola sp. MB14-C6 Normal 0.0108 7.32e-15 7.14e-14 -3.73
Faecalibacterium prausnitzii Normal 0.0075 2.08e-06 6.15e-06 -1.26
Clostridium perfringens Disease 0.0065 3.05e-06 8.82e-06 1.79
Phocaeicola vulgatus Disease 0.0053 1.99e-06 5.97e-06 1.95
Haemophilus parainfluenzae Disease 0.0046 7.14e-03 1.12e-02 0.99
Christensenella sp. MSJ-20 Normal 0.0025 1.28e-02 1.87e-02 -2.48
Blautia obeum Normal 0.0000 1.05e-22 4.91e-21 -24.08
Chordicoccus furentiruminis Normal 0.0000 6.19e-22 1.83e-20 -21.26
Solibaculum mannosilyticum Normal 0.0000 6.23e-22 1.83e-20 -23.10
Wansuia hejianensis Normal 0.0000 1.85e-20 4.25e-19 -18.43

(A) Feature Importance Plot (B) SHAP plot

Figure 4.20: XAI-based disease-associated species biomarker analysis for Nor-
mal vs Disease comparisons Feature Importance and SHAP plot
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4.11.2.2 Obese vs Disease Comparison

For the Obese vs Disease comparison, the XAI-based species-level biomarker model

also showed high predictive performance. The ROC curve achieved an AUC of

0.976, indicating strong separation between Obese and Disease samples. The con-

fusion matrix showed that 17 Disease samples were correctly classified as Disease,

while 9 Obese samples were correctly classified as Obese and 1 Obese sample was

misclassified as Disease. No Disease sample was misclassified as Obese as shown

in figure 4.21.

The table 4.8 shows the top species-level biomarkers identified using combined

machine-learning and statistical evidence, including SHAP importance, p-value,

FDR-adjusted significance, and log2 fold change. Most discriminatory taxa, in-

cluding Anaerostipes hadrus, Anaerobutyricum hallii, [Ruminococcus] torques,

Dorea longicatena, and Paludicola sp. MB14-C6, were enriched in the obese group,

whereas Parabacteroides merdae, Morganella morganii, and Salmonella enterica

were higher in the disease group. These results suggest a clear species-level mi-

crobial shift between obesity-associated and disease-associated gut microbiome

profiles.

Table 4.8: Top species-level biomarkers identified using SHAP importance,
statistical significance, FDR correction, and log2 fold-change analysis between

Obese and Disease groups.

Taxon Higher in SHAP p-value FDR log2FC
Anaerostipes hadrus Obese 2.9961 3.06e-22 2.32e-20 -25.42
Anaerobutyricum hallii Obese 0.3994 3.06e-22 2.32e-20 -25.10
[Ruminococcus] torques Obese 0.0747 3.06e-22 2.32e-20 -24.78
Dorea longicatena Obese 0.0139 2.32e-19 6.59e-18 -24.11
Paludicola sp. MB14-C6 Obese 0.0092 2.12e-11 1.26e-10 -3.89
Parabacteroides merdae Disease 0.0089 1.29e-11 8.40e-11 3.60
Blautia obeum Obese 0.0000 1.68e-21 9.55e-20 -24.08
Dorea formicigenerans Obese 0.0000 8.95e-21 3.39e-19 -22.73
Solibaculum mannosilyticum Obese 0.0000 8.95e-21 3.39e-19 -22.92
Chordicoccus furentiruminis Obese 0.0000 4.56e-20 1.48e-18 -21.79
Morganella morganii Disease 0.0000 7.36e-19 1.86e-17 18.47
Wansuia hejianensis Obese 0.0000 1.02e-18 2.32e-17 -20.63
[Clostridium] symbiosum Obese 0.0000 5.33e-18 1.10e-16 -21.34
Ruminococcus bicirculans Obese 0.0000 2.45e-17 4.63e-16 -22.52
Salmonella enterica Disease 0.0000 3.84e-17 6.70e-16 5.61
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(A) Confusion Matrix

(B) ROC Curve

Figure 4.21: XAI-based disease-associated species biomarker analysis for Nor-
mal vs Disease comparisons Confusion Matrix and ROC Curve.

The top disease-positive SHAP biomarkers included Anaerostipes hadrus, Anaer-

obutyricum hallii, [Ruminococcus] torques, Dorea longicatena, Pauldosa sp. MB14-

C6, Faecalibacterium prausnitzii, Phocaeicola vulgatus, and additional taxa with

lower SHAP contribution. The biomarker heatmap showed distinct abundance

patterns across Obese and Disease samples, with several top-ranked taxa showing

stronger signal in the Disease group. The SHAP summary plot confirmed that

selected species contributed positively toward Disease prediction, supporting their

role as disease-associated microbial markers in the Obese vs Disease comparison
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as shown in figure 4.22.

Figure 4.22: XAI-based disease-associated species biomarker analysis for
Obese versus Disease comparison, including biomarker heatmap, feature im-

portance, and SHAP summary plot.

4.12 Differential Abundance Analysis

Integrated XAI and Mann–Whitney U test-based biomarker analysis identified

species-level taxa that were both statistically significant and relevant to machine-

learning classification. In the Normal vs Disease comparison, most biomarker

species were enriched in the Normal group, as shown by the dense cluster of red

bubbles on the negative log2 fold-change side, with several taxa reaching high

−log10(p-value) values. Disease-enriched taxa were fewer and appeared on the

positive log2 fold-change side. In the Obese vs Disease comparison, a similar pat-

tern was observed, where many species were enriched in the Obese group and

showed strong statistical significance, while a smaller number of Disease-enriched

taxa appeared on the positive side. Across both comparisons, larger bubbles indi-



Results 70

cated taxa with higher mean absolute SHAP values, representing stronger model

contribution. These plots show that the integrated statistical and XAI approach

successfully highlighted candidate species-level biomarkers that distinguish Dis-

ease samples from Normal and Obese groups as shown in figure 4.23.

A: Normal vs Disease comparison

B: Obese vs Disease comparison

Figure 4.23: Integrated XAI and Mann–Whitney U test-based species-level
biomarker bubble plots. The plots show candidate biomarker species identi-
fied by combining statistical differential abundance testing with SHAP-based
model importance. The x-axis represents log2 fold-change, the y-axis represents
− log10(p-value), point color indicates the enriched group, and bubble size rep-

resents mean absolute SHAP value.
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The combined interpretation of differential abundance and SHAP importance pro-

vides stronger evidence for biomarker prioritization than either approach alone.

Taxa showing both statistically significant abundance differences and high mean

absolute SHAP values are more likely to contribute consistently to disease classi-

fication.

4.13 Performance Matrices Evaluation

The AI model evaluation metrics showed strong classification performance for

disease-associated comparisons, while Normal vs Obese comparisons showed weak

discrimination. In the heatmap, Genus | Obese vs Disease and Species | Normal

vs Disease achieved perfect values across all metrics, including accuracy, precision,

recall/sensitivity, specificity, F1-score, test ROC-AUC, and cross-validation AUC.

Genus | Normal vs Disease also showed very high performance, with accuracy

0.96, precision 0.94, recall 1.00, specificity 0.90, F1-score 0.97, test ROC-AUC

1.00, and CV-AUC 1.00. Similarly, Species | Obese vs Disease performed strongly,

with accuracy 0.96, precision 0.94, recall 1.00, specificity 0.90, F1-score 0.97, test

ROC-AUC 1.00, and CV-AUC 1.00 as shown in figure 4.24.

Figure 4.24: Heatmap of AI model evaluation metrics. Comparative perfor-
mance summary across genus- and species-level classification models, showing
high metric values for disease-related comparisons and lower values for Normal

versus Obese models.
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In contrast, the Normal vs Obese models showed poor performance at both genus

and species levels. The genus-level Normal vs Obese model had low accuracy 0.30,

precision 0.36, specificity 0.10, F1-score 0.42, test ROC-AUC 0.21, and CV-AUC

0.47, while the species-level Normal vs Obese model showed only modest improve-

ment, with accuracy 0.45, precision 0.47, recall 0.70, specificity 0.20, F1-score 0.56,

test ROC-AUC 0.37, and CV-AUC 0.54. The radar plots supported these find-

ings, showing nearly complete metric coverage for disease-related comparisons and

compressed, irregular profiles for Normal vs Obese models.

Overall, the AI model evaluation confirmed that microbial features strongly sepa-

rated Disease samples from both Normal and Obese groups, whereas Normal and

Obese samples showed overlapping microbial profiles and weaker classification per-

formance.

The group-level presence heatmap of the top 100 species showed clear differences in

microbial detection patterns across the normal, obese, and disease groups. Species

were ranked according to their maximum presence across the three clinical groups,

and the heatmap represents the percentage of samples in which each species was

detected.

Overall, several species showed high presence in the normal and obese groups,

whereas the disease group displayed a comparatively reduced detection pattern

for many taxa. This reduction was visible as lighter regions across several species

columns in the disease row, suggesting a loss or depletion of commonly detected

gut microbial members during disease progression.

A number of species, including Eubacterium ventriosum, Paludicola sp. MB14-C6,

Phocaeicola vulgatus, Dorea formicigenerans, Ruminococcus torques, Anaerostipes

hadrus, and Anaerobutyricum hallii, showed strong presence across at least one

clinical group. Some taxa were broadly detected in normal and obese samples

but were reduced or absent in the disease group, indicating a possible decline in

commensal microbial signatures.

In contrast, a subset of species showed relatively stronger presence in the disease

group, suggesting their potential association with disease-related microbial imbal-

ance. The obese group generally showed an intermediate pattern between normal



Results 73

and disease, supporting the possibility of a gradual microbial shift along the nor-

mal → obese → disease axis. These findings indicate that species-level presence

patterns can distinguish clinical groups and may help identify microbial biomark-

ers associated with metabolic syndrome-related dysbiosis as shown in figure 4.25.

Figure 4.25: Presence–Absence heatmap of the top 40 species across normal,
obese, and disease groups.

4.14 Cooccurance Analysis

The genus-level microbial co-occurrence analysis was performed separately for the

Normal, Obese, and Disease groups after matching taxonomic abundance data

with metadata. The genus matrix contained 388 taxa across 146 samples, while

the final group-wise analysis retained 38 Normal, 40 Obese, and 66 Disease sam-

ples. For each group, 40 taxa were retained before network filtering. The Normal

group retained 16 edges, the Obese group retained 10 edges, and the Disease group

retained only 1 edge, indicating a marked reduction in microbial co-occurrence

complexity in the Disease group compared with the Normal and Obese groups.

The network summary showed clear differences in genus-level microbial interac-

tion structure across the three groups. The Normal network contained 16 nodes

and 16 edges, including 11 positive and 5 negative associations, indicating a more

connected and interaction-rich microbial community. The Obese network con-

tained 7 nodes and 10 edges, all of which were positive associations, suggesting

fewer taxa but a relatively dense positive co-occurrence structure. In contrast,

the Disease network contained only 2 nodes and 1 positive edge, with no nega-

tive associations detected. Overall, the Disease group showed the lowest network

complexity, while the Normal group showed the highest number of nodes and

edges.
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The Disease group showed the simplest microbial co-occurrence network, con-

sisting of only 2 nodes and 1 positive edge. The detected association connected

Bacteroides and Phocaeicola, indicating a single retained positive genus-level co-

occurrence relationship within the Disease samples. No negative associations were

observed in this network. The sparse structure indicates that only a limited num-

ber of strong genus-level associations passed the applied filtering threshold in the

Disease group as shown in figure 4.26.

Figure 4.26: Disease-group microbial co-occurrence network. The network
shows a single positive association between Bacteroides and Phocaeicola, with

2 nodes, 1 edge, 1 positive connection, and no negative edges.

The Normal group displayed the most complex microbial co-occurrence network

among the three groups, containing 16 nodes and 16 edges. The network included

both positive associations and negative associations, with 11 positive edges and 5

negative edges retained after filtering. Several small connected components were

observed, indicating that different groups of genera formed separate co-occurrence

modules rather than one fully connected network. This pattern reflects a more

diverse and structured genus-level association profile in Normal samples compared
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with the Disease group as shown in figure 4.27.

Figure 4.27: Normal-group microbial co-occurrence network. The network
displays genus-level microbial associations in Normal samples, showing 16 nodes

and 16 retained edges, including 11 positive and 5 negative relationships.

The Obese group network contained 7 nodes and 10 edges, with all retained asso-

ciations classified as positive and no negative edges detected. The network showed

a compact connected component among several genera, along with a separate pos-

itive association between two additional taxa. Compared with the Normal group,

the Obese network had fewer nodes but retained multiple positive co-occurrence

relationships, indicating a smaller but positively connected genus-level network

structure. Compared with the Disease group, the Obese network showed greater

microbial interaction complexity as shown in figure 4.28. The absence of negative

associations in the Obese network suggests that the retained microbial relation-

ships were primarily based on coordinated increases or similar abundance patterns

among the connected genera. Although the network contained fewer taxa than

the Normal network, the presence of multiple positive edges indicates that some

microbial groups remained closely associated under obese conditions. This reduced
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network size may reflect the loss of certain microbial interactions or a reorgani-

sation of the gut ecosystem during the transition from a normal metabolic state

to obesity. However, co-occurrence does not necessarily indicate direct biological

interaction, because the observed associations may also be influenced by shared

environmental conditions, dietary factors, host characteristics, or indirect rela-

tionships with other microorganisms. Therefore, these network patterns should

be interpreted as indicators of microbial community organisation rather than evi-

dence of direct functional dependence between the connected taxa.

Figure 4.28: Obese-group microbial co-occurrence network. The network
shows genus-level microbial co-occurrence associations in Obese samples, con-
taining 7 nodes and 10 positive edges, with no negative associations detected.
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Discussion

The gut microbiome can be considered a functional alteration that contributes to

the complexity of metabolic diseases, alongside host genetics and lifestyle/diet.

The intestinal microbiota plays a role in processes related to the metabolic home-

ostasis of the host via mechanisms of nutrient harvesting, production of short-chain

fatty acids, transformation of bile acids, immune system regulation, maintenance

of intestinal barrier and modulation of systemic inflammation. This microbial

ecosystem is known as gut dysbiosis and has been associated with obesity, insulin

resistance, type 2 diabetes, metabolic syndrome and related inflammatory seque-

lae [56, 57]. Recent reviews stress the importance of metabolic disease-associated

dysbiosis, which is largely characterized by changes in microbial diversity, loss

of beneficial commensals and butyrate-producing bacteria, enrichment of oppor-

tunistic/pathobiont taxa, and disruption of microbial metabolic pathways [58].

The gut microbiome has emerged as an important biological interface between

diet, host metabolism, immune regulation, and disease progression. The associa-

tion of obesity, metabolic syndrome, type 2 diabetes, inflammatory diseases, and

other chronic disease states with alterations of gut microbial composition has been

repeatedly reported [57, 59]. Taxonomic, diversity, biomarker, functional, and

network-level changes were observed and confirmed in this study with the com-

parison between the Normal, Obese and Disease groups, where disease status in-

dicated significant taxonomic, diversity, biomarker, functional, and network-level

changes. In general, the results indicate that there is a significant gut dysbiosis

77
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in disease, with changes in species composition, lower alpha diversity, increased

beta diversity separation, enrichment of several taxa and lower complexity of the

microbial co-occurrence network.

The first quality check of the reads was found to be suitable for further metage-

nomic processing. The FastQC results indicated high quality scores per base, good

GC balance, low rate of ambiguous bases, and low adapter contamination. This

is relevant as the taxonomic classification and functional predictions of metage-

nomics sequencing reads is highly susceptible to poor quality reads, sequencing

artifacts, and adapter contamination.

The paired reads retained by the next step of Trimmomatic in the various samples

were high, suggesting good sequence depth in the data following quality filtering.

FastQC and Trimmomatic usage conforms to typical pre-processing steps in shot-

gun metagenomic sequencing pipelines, such as quality control and adapter/low

quality base removal prior to assembly and taxonomic classification [49, 60].

Reconstruction of the assembly and binning revealed successful metagenomic re-

construction and limitations in genome-resolved reconstruction. A large number

of contigs were assembled using metaSPAdes, which served as a foundation to

create bins and undertake genome level analysis. It is consistent with the nature

of metaSPAdes as a metagenomic assembler for complex microbial communities

[61].

The metaBAT2 binning process resulted in several initial genome bins, but the

contamination values for the bins shown by CheckM were very high. By accepted

standards of the MAG, the extent of genome quality should be assessed based

on the completeness and contamination thresholds of the MAGs, with a medium

quality MAG having �50% genome completeness and contamination �10%, and high

quality MAGs having �90% genome completeness and contamination �5% [35, 62].

Hence, while binning resulted in some initial genome bins, the binned genome

estimates of contamination suggest that these genomes are not high-quality MAGs

and should not be taken as such. The result indicates that re-binning, more

stringent contig filtering, bin refinement or other binning methods might be needed

before definitive genome-resolved conclusions can be reached.
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The gut microbial community was highly variable throughout the dataset using

taxonomic classification by Kaiju. Kaiju can classify metagenomic reads at the

protein level and is helpful for identifying microbial taxa in the shotgun metage-

nomic sequencing of data, especially if nucleotide-level classification fails to cap-

ture more divergent microbes [39]. In all samples there were 31 phyla, 52 classes,

114 orders, 203 families, 388 genera and 535 species identified through the taxo-

nomic analysis. Bacillota-related lineages, particularly Clostridia, Lachnospirales,

Lachnospiraceae and related genera were prevalent in the community. In line

with the human gut microbiome, Bacillota and Bacteroidota are common dom-

inant bacterial groups [56, 57]. The microbial community at genus and species

level was more variable, with Faecalibacterium, Blautia, Bacteroides, Bifidobac-

terium, Anaerostipes, Anaerobutyricum, Segatella, Dorea and Phocaeicola among

the genera that accounted for inter-sample variation. Several members of these

genera are common organisms associated with the intestinal tract, including many

species that are responsible for the fermentation of carbohydrates and the pro-

duction of short-chain fatty acids. The taxonomic composition results indicated

that Bacillota- and Bacteroidota-associated lineages predominated in the gut mi-

crobial community, and there was more taxonomic diversity within these classes

at both genus and species levels. This was similar to the established pattern

in gut microbiome research, where differences in the gut microbiome at lower

taxonomic levels are more likely to be associated with biological processes such

as disease than differences at higher levels [14]. At the genus level, the genera

Faecalibacterium, Blautia, Bacteroides, Bifidobacterium, Anaerostipes, Anaerobu-

tyricum, Dorea, Phocaeicola, and Segatella were some of the most prominent gen-

era in the present study. For several of these genera, there have been previously

known associations with metabolic health, carbohydrate fermentation, production

of short-chain fatty acids, and regulation of the immune system in the intestine.

Enrichment of pro-inflammatory (Faecalibacterium, Roseburia) and dysbiotic (Fir-

micutes, Clostridium) taxa has also been previously reported to be associated with

metabolic disease states [63]. Thus, the taxonomic changes that were observed in

the microbial communities were best understood at the genus and species level,

rather than just the phylum level.
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The visible separation between Normal, Obese and Disease samples was observed

at the group-wise species level composition. Species profiles were relatively con-

sistent for Normal and Obese groups, and were more varied for Disease groups,

with more taxa or “Others” present. This is similar to the pattern observed in

dysbiosis: disease-associated communities are typically characterized by shifts in

dominant taxa, decreased stability, and increased heterogeneity. Plotting the sig-

nificant taxa also revealed that significant taxa were found on several ranks with

more significant taxa at genus and species level than at other levels. This is in-

evitable, as lower taxonomic levels offer greater biological detail and are more

likely to reflect changes in the composition of microbes that are relevant to disease

than the summary of the phylum level.

Differential abundance analysis using the Mann–Whitney U test was also used to

confirm the microbial differences between the two groups. The number of sig-

nificant taxa was lower for the Normal vs Obese comparison when compared to

the disease-related comparisons. At phylum level, there were differences between

Actinomycetota and Verrucomicrobiota, and significant differences were observed

between the families: Lachnospiraceae, Akkermansiaceae, Enterobacteriaceae, Ox-

alobacteraceae, Monoglobaceae and Turicibacteraceae. The separation between the

Normal and Obese groups was not as pronounced as the separation between the

Disease groups. This is consistent with other obesity microbiome studies that have

identified the differences between obesity and normal weight but have also found

high inter-cohort variability and effects of diet, location, drug treatment and host

factors on microbiome differences [64]. However, the Normal vs Disease compar-

ison resulted in considerable differential abundance at all taxonomic levels with

210 species, 158 genera, 86 families and 19 phyla being significant. The positive

or gut commensal genera such as Lachnospiraceae, Roseburia, Anaerobutyricum,

Dorea, Coprococcus, Subdoligranulum and Anaerostipes were depleted in Disease

samples compared to Normal samples. Biologically significant because it has been

observed that depletion of butyrate-producing and anti-inflammatory gut bacteria

is associated with metabolic and inflammatory disease states [15, 56, 63]. Some

comparisons also revealed higher abundances of selected taxa, including Morganel-

laceae and Odoribacteraceae, in the Disease group. The expansion of enterobacte-



Discussion 81

riaceae is often cited as a sign of inflammatory dysbiosis because the members of

this family are able to carry pro-inflammatory molecular patterns and may expand

under disturbed gut conditions [59].

The Obese vs Disease comparison also resulted in good separation among the

species, with 18 significant phyla, 81 families, 154 genera and 211 species. The

abundance of the Bacillota and Actinomycetota was greater in Obese samples,

while the abundance of the Bacteroidota was greater in Disease samples. Several

gut-associated genera and species (Anaerobutyricum, Dorea, Roseburia, Copro-

coccus, Anaerostipes, Bifidobacterium longum and Blautia obeum) were present

in higher abundance in Obese samples at lower ranks than in Disease samples,

whereas other taxa (Morganella morganii, Salmonella enterica and Odoribacter

splanchnicus) were more abundant in Disease samples. Disease associated dysbio-

sis is supported by the presence of opportunistic or inflammation-associated taxa

in Disease samples.

The results should be viewed in context, however, as associations not causality,

as the data from the cross sectional metagenomes cannot prove that a microbial

shift is the cause or effect of disease [65].

The alpha diversity analysis revealed decreased species level richness and diversity

for the Disease group as compared to the Normal and Obese groups. All three

diversity measures (observed taxa, Shannon diversity and Simpson diversity) were

lower in Disease samples, as were the values for Chao1 richness. This decrease

indicates a decrease in microbial diversity and evenness, a hallmark of dysbiosis

in metabolic and inflammatory diseases.

Previous studies have reported that metabolic disease such as type 2 diabetes and

obesity-related metabolic dysfunction are linked with decreased microbial diversity

and loss of beneficial commensals [64, 66]. The diversity reduction of disease group

was the most uniform in this data set, and the groups normal and obese were the

two groups that were least different.

The evidence of compositional separation at the group level was stronger for beta

diversity analysis. Block-like dissimilarity patterns were displayed in the Bray-

Curtis heatmap of samples and clear separation of Disease samples from Normal
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and Obese samples along PCoA1 were observed in the species-level PCoA plot.

PERMANOVA showed that there were significant differences among groups at all

of the taxonomic levels, including phylum (p = 0.001), class (p = 0.001), order

(p = 0.001), family (p = 0.001), genus (p = 0.001), and species (p = 0.001). All

ranks were significant with the test statistic being highest at the phylum level and

gradually decreasing towards the species level. This suggests that the changes in

composition were not limited to only a few taxa, but throughout the overall micro-

bial community structure. In microbiome studies, Bray–Curtis-based PCoA and

PERMANOVA are often applied to determine if there are differences in microbial

community composition among biological groups. Results of alpha and beta diver-

sity also support the existence of disease-associated dysbiosis. This study found

reduced species-level richness and diversity of observed taxa, Shannon index, Simp-

son index and Chao1 richness in the Disease samples, and Bray–Curtis PCoA

identified the Disease samples as distinct from the Normal and Obese groups.

PERMANOVA also found significant differences in communities at all taxonomic

levels. The results are consistent with previous studies, reporting an association

between metabolic disorders and type 2 diabetes with altered diversity indices and

community restructuring, but the direction and extent of changes to diversity can

differ among populations, diets or medication exposure, and analytical methods

[58].

Combining statistical significance, effect size, enrichment direction, and the rele-

vance of machine learning with the integrated XAI and Mann–Whitney biomarker

bubble plots reinforced the biomarker interpretation. As for the Normal vs Dis-

ease comparison, there were many more taxa enriched in the Normal samples

than in Disease samples. There was wider clustering of Obese enriched taxa than

Disease enriched taxa in the Obese vs Disease comparison. To make the out-

puts from machine learning interpretable, the use of SHAP values in these models

gives feature-level contributions to predict the outcome of the model, and hence,

microbial taxa can be ranked by statistical difference as well as by their predic-

tive importance [34]. This is crucial for biomarkers discovery, as two taxa that

are statistically significant and can be important contributors to a model are not

necessarily the same.
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Comparisons between different diseases were highly separable at the genus and

species level when using random forest biomarker classification. In the main out-

put of Random Forest, the AUC values were 1.000 for Normal vs Disease and

1.000 for Obese vs Disease model, but the AUC value was relatively small for

Normal vs Obese, with high misclassifications. This is reflected in the taxonomic

and diversity results, with the Disease samples clearly differing from the other

groups, and Normal and Obese samples having more similar microbial profiles.

The most important Random Forest biomarkers at species level were Dorea formi-

cigenerans, Anaerobutyricum hallii, Blautia obeum, Anaerostipes hadrus, Dorea

longicatena, [Ruminococcus] torques, Bifidobacterium longum, Morganella mor-

ganii and Salmonella enterica. Some of these taxa have the potential to be dis-

ease discriminatory features due to either being beneficial commensals/butyrate-

associated taxa or opportunistic/inflammation-associated taxa.

A species-level signature was further supported by the XAI disease biomarker

analysis. For the Normal vs Disease model, the ROC curve had AUC = 1.000

and the confusion matrix had 100% accuracy of the Normal and Disease sam-

ples. In the Obese vs Disease model, the AUC = 0.976 and one sample of Obese

was misclassified as Disease. Anaerostipes hadrus, Anaerobutyricum hallii, [Ru-

minococcus] torques, Dorea longicatena, Faecalibacterium prausnitzii, Phocaeicola

vulgatus and other taxa were the top disease-positive SHAP biomarkers. Some

of these organisms are included and used as useful commensals in other contexts,

but in this dataset even these have been assigned a SHAP direction based on their

contribution to the trained classifier, and therefore should be interpreted within

the specifics of this cohort, preprocessing and model. Hence, the best overall con-

clusion is that these species are model-relevant discriminators of Disease status,

and mechanistic roles need to be validated using functional data.

This trend was clearly summarized by the AI model evaluation heatmap and radar

plots. The models of the disease had good performance at both genus and species

level, and the results showed high accuracy, precision, recall, F1 score, ROC-

AUC, and cross validation AUC. Significantly lower specificity and ROC-AUC,

with low overall discrimination, were found in Normal vs Obese models. This

reinforces the explanation that the disease status resulted in a higher microbial
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signal than obesity status alone. The perfection or near perfection of some models,

however, should be taken with a pinch of salt. A very high AUC in microbiome

machine learning studies can be a sign of strong biological separation, but sample

size, feature selection, data leakage, overfitting and/or cohort effects can also

affect AUC. So, it would be important to have external validation on independent

datasets before claiming this as a clinical biomarker.

Figure 5.1: Graphical abstract of the integrated metagenomic and explainable
AI framework for disease-associated gut microbiome biomarker discovery.

The microbial co-occurrence network analysis revealed that the Network Com-

plexity of the Normal and Obese samples was greater than that of the Disease

samples. The Normal network contained the most nodes and edges (positive and

negative associations), indicating a more complex and balanced microbial inter-

action structure. The Obese network had less nodes and also a lot of positive

associations, which means a less, yet relatively connected network. The Disease

network was significantly smaller with only two nodes and one positive edge, in-

dicating a less complex microbial network association. Less microbial network

complexity could be due to disturbance of interactions between gut microbes,

elimination of cooperation/competition balance, or the decreased stability of the
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gut microbial community. This discovery is consistent with the alpha diversity

findings, in which Disease samples had lower richness and diversity.

The graphical abstract as shown in figure 5.1 summarizes the overall discus-

sion of this study, showing that the integrated metagenomic and explainable AI

framework identified clear disease-associated gut microbiome signatures. Across

the workflow, taxonomic profiling revealed multi-rank dysbiosis, diversity anal-

ysis showed reduced alpha diversity and distinct Bray–Curtis separation in the

Disease group, and differential abundance testing highlighted stronger disease-

related shifts at genus and species levels. Machine-learning and SHAP-based

explainable AI further prioritized species-level biomarkers with strong discrimi-

natory performance for disease-related comparisons, while functional annotation

and co-occurrence network analysis indicated altered microbial metabolic poten-

tial and reduced ecological network complexity in Disease samples. Overall, this

integrated framework strengthens the identification of candidate non-invasive mi-

crobial biomarkers by combining taxonomic, ecological, functional, statistical, and

AI-based evidence.
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Conclusion and Future Work

In this study, we perform an integrated metagenomic and explainable AI analysis

of the alteration of gut microbiome in three groups: Normal, Obese, and Disease.

Taxonomic profiling identified the microbial diversity at various levels, and the

differences in microbial profiles related to disease symptoms were more apparent

at the genus level and at the species level. The Alpha diversity analysis revealed a

decrease in microbial richness and diversity in the Disease group, and Bray–Curtis

beta diversity and PERMANOVA indicated significant separation in microbial

communities at taxonomic ranks. Differential abundance analysis also revealed

that there were significant taxonomic differences in disease-related comparisons

at the genus and species level. Random Forest classification combined with the

Explainable AI (SHAP) was able to find strong species-level biomarker signatures

that distinguished the Disease samples from both the Normal and Obese groups.

High classification accuracy occurred within the disease-related models, while weak

classification occurred within the Normal vs Obese models suggesting a stronger

microbiome signal in the disease-related models than in the obesity-related models.

Based on functional annotation, microbial genes were primarily linked to metabolic

pathways, and co-occurrence network analysis revealed a decrease in microbial

network complexity for Disease group. The study shows that a multi-layered

approach to identifying candidate disease-associated gut microbiome biomarkers

is possible with a combination of taxonomic profiling, diversity analysis, differential

abundance testing, machine learning, explainable AI, functional annotation and
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microbial network analysis. The results of this study indicate the possible use

of gut metagenomic signatures as non-invasive biomarkers, but further validation

with independent cohorts and experimental confirmation are needed for clinical

use.

Future work should focus on validating the identified disease-associated microbial

biomarkers in larger, independent, and geographically diverse cohorts with well-

recorded clinical and lifestyle metadata, including diet, medication history, antibi-

otic exposure, age, sex, disease duration, and metabolic parameters. Longitudinal

studies are required to determine whether the observed microbial shifts occur be-

fore disease onset, during disease progression, or as a consequence of treatment or

altered host physiology. Future research should also integrate metagenomics with

metatranscriptomics, metabolomics, proteomics, and host clinical data to confirm

whether predicted functional pathways, particularly those related to carbohydrate

metabolism, lipid metabolism, amino acid metabolism, oxidative phosphorylation,

inflammation, and short-chain fatty acid production, are biologically active and

reflected in measurable metabolic changes. Genome-resolved analysis should be

improved using multi-binner strategies, bin-refinement tools, stringent contig fil-

tering, and updated quality assessment approaches such as CheckM or CheckM2

to recover high-quality MAGs for strain-level and functional interpretation. In

addition, future machine-learning models should include independent validation

datasets, nested cross-validation, confounder adjustment, feature stability anal-

ysis, and model calibration to reduce the risk of overfitting and improve clini-

cal reliability. Finally, experimental confirmation using targeted metagenomics,

qPCR, metabolomics, and controlled biological studies will be necessary to estab-

lish the diagnostic, predictive, and therapeutic relevance of the proposed microbial

biomarkers and to support their possible use in non-invasive disease screening, risk

stratification, and microbiome-based interventions.
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