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ABSTRACT
DEVELOPMENT OF A MACHINE LEARNING- BASED
SYSTEM TO IDENTIFY DISEASE BIOMARKERS FROM
HUMAN GUT MICROBIOTA

Aysegiill KOCAK
MSc. in Electrical and Computer Engineering
Advisor: Assoc. Prof. Burcu BAKIR GUNGOR
Co-advisor : Prof. Dr. Malik YOUSEF
April 2024

The human gut microbiota consists of a diverse ecosystem of organisms, encompasses
billions of species. Recently developed next-generation sequencing methods have
enabled researchers to examine the microbiota in greater detail, leading to new insights
into its functions and dysfunctions.

This study aims to identify metagenomic biomarkers (Microorganism-Enzyme Pairs) for
colorectal cancer (CRC). The tool that we used allows for the analysis of microorganisms
and enzymes within the gut microbiota. It achieves this by initially clustering enzymes
based on their correlations with species and subsequently utilizing these clustering results
to evaluate the ability of groups to differentiate between patient and healthy cohorts.

By integrating species and enzymes, it is possible to identify pathogen microorganisms
and enzyme clusters, that have the potential to distinguish cases (individuals with CRC)
from controls (healthy individuals).

The identified enzyme clusters and associated species could potentially act as biomarkers
for colorectal cancer (CRC), enabling early diagnosis and more effective treatment. This
approach holds promise for further exploration of the gut microbiota and its importance
in human health and illness.

Keywords: Bioinformatics, Machine Learning, Colorectal Cancer Diagnosis



OZET
INSAN BAGIRSAK MIKROBIYOTASINDAN HASTALIK
BIYOBELIRTECLERININ TESPITI ICIN MAKINE
OGRENMESI TEMELLI SISTEM GELISTIRILMESI

Aysegiil KOCAK
Elektrik ve Bilgisayar Mithendisligi Bolimii Yiiksek Lisans
Tez Damsmant: Dog. Dr. Ogr. Uyesi Burcu BAKIR-GUNGOR
Ikinci Tez Danigmani: Prof. Dr. Malik YOUSEF
Nisan-2024
Insan bagirsak mikrobiyotasi, milyarlarca tiirii kapsayan karmasik bir organizma
toplulugudur. Son zamanlarda gelistirilen yeni nesil dizileme yontemleri, arastirmacilarin
mikrobiyotay1 daha detayli bir sekilde incelemesine olanak tanimis ve bu sayede islevleri
ve disfonksiyonlar1 hakkinda yeni bilgiler elde edilmistir.
Bu c¢alisma, kolorektal kanser (CRC) i¢cin metagenomik biyobelirtecler
(Mikroorganizma-Enzim Ciftleri) tanimlamayr amaglamaktadir. Kullandigimiz arag,
bagirsak mikrobiyotasi i¢indeki mikroorganizmalarin ve enzimlerin analizine olanak
tanir. Bunu, dncelikle enzimleri tiirlerle olan korelasyonlarina gore kiimeleyerek ve daha
sonra bu kiimeleme sonuglarini hasta ve saglikli kohortlar arasinda ayirt etme yetenegi
gruplarin1 degerlendirecek sekilde gerceklestirir.
Tiirler ve enzimler entegre edilerek, vakalari (CRC'li bireyler) kontrollerden (saglikli
bireyler) ayirma potansiyeline sahip patojen mikroorganizmalar1 ve enzim kiimeleri
belirlenebilir.
Tanimlanan enzim kiimeleri ve iliskili tiirler, CRC i¢in potansiyel biyobelirtegler olarak
hizmet edebilir, erken tan1 ve daha etkili tedavi saglayabilir. Bu yaklasim, bagirsak
mikrobiyotasinin ve insan sagligi ile hastaliklar1 {izerindeki roliiniin daha fazla
kesfedilmesi i¢cin umut vaat etmektedir.

Anahtar kelimeler: Biyoinformatik, Makine Ogrenimi, Kolorektal Kanser Teshisi
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Chapter 1

Introduction

The burgeoning field of bioinformatics has heralded a paradigm shift in
understanding complex diseases, notably colorectal cancer (CRC), through the lens of the
human gut microbiota. Leveraging cutting-edge next-generation sequencing
technologies, this study embarked on an ambitious quest to elucidate the intricate
interactions between microbial species and enzymes within the gut microbiome, with a
specific focus on identifying potential metagenomic biomarkers for CRC. By integrating
taxonomic, functional, and strain-level profiling of diverse microbial communities, we
identified distinctive microorganism-enzyme pairs that exhibit a significant association
with CRC.

Utilizing a novel analytical framework that incorporates sophisticated grouping,
ranking, and modeling-based approaches, our research has successfully pinpointed
several microorganism-enzyme pairs. These pairs not only delineate a unique microbial
signature of the CRC gut microbiome but also highlight the potential of these microbial
constituents as non-invasive biomarkers for early CRC detection and prognosis. The
identified biomarkers demonstrate a remarkable ability to distinguish between CRC
patients and healthy controls, underscoring their diagnostic and therapeutic relevance.

The implications of our findings extend beyond the realm of diagnostics; they pave
the way for exploring novel therapeutic targets within the gut microbiota, offering a
beacon of hope for precision medicine in CRC. Moreover, this study sets the stage for
future investigations aimed at validating these biomarkers in larger cohort studies and
exploring their mechanistic roles in CRC pathogenesis. In essence, our research
underscores the pivotal role of the gut microbiome in CRC and showcases the potential
of bioinformatics approaches in unraveling the complexities of human diseases, thereby

opening new avenues for personalized medicine.



Chapter 2

Literature Review

The microbiome of the human body is a diverse collection of bacteria, their
enzymes, and the compounds they provide or modify [1]. The human gut microbiota,
which consists of a diverse collection of microbes, is critical to human health and occupies
an important role in medical conditions. In recent studies, the core contribution of
commensal bacteria to both human physiological functions and diseases has been
underscored. The microbiota of the human gastrointestinal tract is essential for
maintaining gut homeostasis and general health. Dysbiosis, or modifications to the
structure and function of the microbiota of the gastrointestinal tract, has been related to a
number of illnesses and health conditions, emphasizing the importance of gut
microbiological stability. The growing body of research on disease-related microbiota
suggests that a reduction in microbial diversity is a common feature observed in dysbiosis
[2]. An imbalance in the gut microbiota, known as dysbiosis, has been associated with
inflammatory  diseases, neurodevelopmental disorders, aging-related cognitive
impairment, environmental pollutant exposure, and various systemic diseases [3].

Gut microbiota dysbiosis defined by an imbalance of microbial composition, has
been implicated in driving the development of Colorectal cancer (CRC) [4]. Colorectal
cancer (CRC) is a disease where dysbiosis plays a significant role in its development.
Colorectal cancer (CRC) is a complicated disease marked by the uncontrolled
proliferation of abnormal cells in the colon or rectum, influenced by genetic
predisposition, lifestyle, and environmental factors. Colorectal cancer (CRC) is a major
health issue, with a 4%-5% probability of occurrence, influenced by factors including
age, history of chronic diseases, and lifestyle choices [5]. Colorectal cancer (CRC),
causing nearly 500,000 deaths annually and ranking as the primary global causality of
death, presents a substantial healthcare challenge [6]. While some research has
highlighted the importance of the gut microbiota in the pathogenesis of colorectal cancer
(CRC), this field of research is still relatively fresh. Despite the use of diverse
classification standards and methodologies in past inquiries, the specific microbial strains



that significantly play a role in the development and advancement of CRC remain
unidentified [4]. CRC poses a significant risk to human health and ranks as the third most
prevalent type of cancer [4]. For individuals with colorectal cancer (CRC), it's essential
to understand the composition of the human gut microbiome, encompassing the collective
genetic material of the microorganisms in the gut and their potential functions [2]. Genetic
research has been pivotal in understanding the hereditary components of CRC, with
studies focusing on cancer susceptibility gene mutations, including Lynch syndrome (LS)
and genetic colorectal cancer and polyposis susceptibility genes [9,10,11]. Molecular
research has elucidated the intricate molecular pathways involved in CRC, including the
roles of human condensins, YAP/TAZ signaling, and the sensitivities and dependencies
of specific genetic mutations in CRC cell lines [12,13,14]. Clinical research has focused
on different areas of CRC care, including the assessment of modifiable factors for cancer-
specific survival, the characterization of serious intestinal congestion due to primary
colorectal carcinoma, and the accuracy of algorithms for identifying cancer-related
adverse events [15,16,17]. Research has also explored the impact of metabolic
dysfunction, oxidative balance, and preoperative intentional weight loss on CRC,
shedding light on the broader metabolic and lifestyle factors that affect the progression
and prognosis of CRC. Furthermore, investigations into the feasibility of microwave
ablation for colorectal liver metastases and the potential therapeutic role of gut
metabolites have expanded the horizons of CRC treatment modalities [18,19]. Extensive
research on CRC has offered a thorough insight into the disease, spanning genetics,
molecular pathways, clinical management, and epidemiological aspects, significantly
advancing our knowledge of CRC and informing future methods for preventing,
diagnosing, and managing this intricate disease.

Advances in next-generation sequencing (NGS) technology now enable the
production of enormous sums of reads in just one run. Metagenomic NGS technologies
have been used to identify bacteria in the gastrointestinal system. This allows for a
comprehensive examination of the genetic content in a sample, unveiling the
characteristics of microbial communities in terms of biology and behavior. As a result,
investigating the metagenomics of the gastrointestinal system provides vital insights into
how the microbial community living in the human gut effects the functioning of the
human body and the advancement of disorders [18]. The use of NGS technologies has
significantly improved Our knowledge of the interaction between colorectal cancer

(CRC) and the gut microbiota. NGS has permitted a complete analysis of the gut



microbiome, resulting in the identification of particular bacterial species associated with
CRC. This has given us vital insights into the molecular pathways that underlie the
emergence of colorectal cancer. NGS technologies have empowered a more thorough
examination of the gut microbiota, offering a deeper understanding of its abundance,
variety, and distinct microbial categories [19]. It has been confirmed that NGS is the
preferred approach for examining the composition of gut microbiota, thanks to its superior
resolution and capability to capture the diversity present in microbial communities [20].
These advanced sequencing methods have allowed for identifying and characterizing
microbial enzymes engaged in diverse metabolic processes, illuminating their probable
influence on human health [21].

The microbial community in the human gut forms a intricate ecosystem that harbors
a diverse array of enzymes crucial for human health and disease. These microbial
enzymes play a vital purpose in medication metabolism, neurotransmitter synthesis, and
the reactivation of compounds like as estrogens. For instance, the gut microbiota has been
found to contain decarboxylases that produce the neurotransmitter tryptamine.
Additionally, the gut microbiota's B-glucuronidases have been shown to reactivate
estrogens, contributing to the estrobolome that reactivates these compounds.
Furthermore, the gut microbiota's involvement in drug metabolism, particularly in the
metabolism of levodopa, has been identified, highlighting its impact on therapeutic
interventions. Furthermore, the gut microbiota's role in cancer causation through "Phase
IV Metabolism™ of exogenous and internal chemicals has been defined, highlighting
potential implications for disease development [22]. These references provide thorough
understandings into the several purposes of microbial enzymes in the human microbiota
of the gastrointestinal tract, encompassing drug metabolism, neurotransmitter production,
and their impact on disease etiology.

Enzymes play diverse and critical roles in CRC, encompassing aspects such as
biomarker potential, molecular pathways, metabolism, and drug response. Clarifying the
intricate processes underlying the onset and progression of CRC requires an
understanding of the diverse functions that enzymes play in the disease. Enzymes'
involvement in colorectal cancer (CRC) is multifaceted and encompasses various aspects
of cancer development and progression. There is evidence linking CRC to enzymes
involved in signaling, restoration of DNA, and metabolism. For example, current research
has examined the role of several enzymes and hematopoietic growth factors (FGFs) in

both the detection and outlook of colorectal cancer [23]. Numerous research have



highlighted the complex relationship between microbial enzymes, colorectal cancer, and
gut microbiota. For instance, colorectal cancer has been related to the gut microbiome,
with distinct microbial fingerprints discovered in stool samples of colorectal cancer
patients [24]. Furthermore, colorectal cancer has been related to the microbiota’s
manufacture of microbe-derived compounds and control over immune function [25].
Furthermore, it has been discovered that the colorectal cancer milieu has an enrichment
of anticipated virulence-associated genes, which is particularly dependent on the genomes
of particular bacteria. This finding raises the probability that microbial enzymes take part
in the tumor microenvironment. [26].

Furthermore, it has been revealed that the enzyme cyclooxygenase-2 (COX-2)
contributes to the reproduction and activity of colorectal tumor cells, highlighting its role
in the progression of CRC [27]. Furthermore, genetic variants in enzymes that participate
in the metabolism of folate, such as methylenetetrahydrofolate reductase, have drawn
attention to epidemiological research on CRC, indicating a potential link between the
development of CRC and polymorphisms in these enzymes [28]. Moreover, Uba2, an
essential part of the SUMO-activating enzyme, has been shown to play significant roles
in the advancement of several malignancies; its function in colorectal cancer, however, is
still unknown [29]. Additionally, enzymes involved in amino acid metabolism of tumor-
associated macrophages have been speculated to regulate CRC through cellular demise
[30]. Furthermore, GSTML has been linked to the development and evolution of several
deadly cancers, including colorectal cancer [31]. The role of cellular process-related
enzymes, such as CD73, in encouraging the expansion of human colorectal tumor cells
through both enzyme and non-enzyme activities has been studied [32]. Additionally,
aberrant DNA methylation affecting the carcinogenesis of CRC has been linked to
methyl-metabolizing enzyme and epigenetic regulator genetic variations [33].
Additionally, in both colorectal tumors and healthy colorectal tissue, the characteristics,
variability, and activity of the enzymes were examined, as well as their capacity to
inactivate paclitaxel (taxol) [34].

Colorectal cancer is influenced by a complex interplay of diverse microbial species.
The gut microbiota has emerged as a significant component in the genesis and progression
of colorectal cancer. Studies have identified specific microbial signatures associated with
colorectal cancer, illuminating the complex connection between disease etiology and the
microbiome [35]. Fusobacterium nucleatum, in particular, has garnered significant

attention due to its prevalence in colorectal carcinoma and its possible contribution to the



development of cancer. The existence of F. nucleatum in the tissues of colorectal cancer
has been linked to disease progression, highlighting the direct functional link between
specific microbial components and cancer development [36]. Moreover, the stability and
dysbiosis in the gut flora have been implicated in colorectal cancer, with alterations in
microbial composition potentially triggering disease development [37]. The correlation
between intestinal microbiota and carcinoma of the colorectal extends beyond its
composition, with studies highlighting the role of microbial metabolites, immune
modulation, and microbial transcriptome adaptations in the tumor microenvironment.
Furthermore, the microbiome's stability, dysbiosis and response to antimicrobial
interventions have been examined with consideration for carcinoma of the colorectal,
shedding light on potential therapeutic avenues [50, 51]. The microbiome's influence on
colorectal cancer is multifaceted, involving relationships with the immune system of the
host, dietary factors, and the tumor microenvironment [35, 52, 53]. Furthermore, certain
clinical outcomes have been linked to the gut flora, such as survival in late-stage
colorectal cancer patients, emphasizing its potential as an anticipatory indicator [42]. The
field of study on the relation between colorectal cancer and the microbiota of the intestinal
tract is quickly developing, and an increasing amount of data is showing how intricately
host physiology, microbial species, and disease progression are all related. Understanding
the role of gut microbiota in colorectal cancer is essential for developing targeted
therapies and individualized treatment plans.



Chapter 3

Materials and Methods

3.1 Data sets

Beghini and the research team compiled 1,262 metagenomic samples, including 600
control samples and 662 from colorectal cancer (CRC) cases, from nine separate datasets
across eight countries [43]. For their study, they retrieved the original microbiome DNA
data for each sample from the appropriate project websites. They then utilized MetaPhlAn
3 and HUMANN 3 for conducting both taxonomic and functional analyses on all the
subgroups within each dataset.

In their research methodology, following the approach described by Thomas and
colleagues in their 2019 study [44], the team calculated the relative abundances for each
of the samples within the datasets, categorizing them at the i) species level, ii) enzyme
categories (according to the Enzyme Commission, EC), and iii) pathway categories. In
this proposed project, which focuses on metagenomic data related to colorectal cancer
(CRC) collected from the previously mentioned eight countries, the researchers plan to
work with relative abundance counts for the 1,262 samples as follows: i) 983 unique
species, ii) 2,894 unigue enzymes, and iii) 550 unique pathways.

Our research utilized a metagenomic dataset compiled by Beghini et al., consisting
of 1,262 metagenomic samples, including 600 from control individuals and 662 from
patients with colorectal cancer (CRC), sourced from nine different datasets across eight
countries. This dataset provided an extensive overview of the microbial composition
linked to CRC. We processed the original microbiome DNA data for each sample using
MetaPhlAn 3 for taxonomic identification and HUMANN 3 for functional analysis,
following the method outlined by Thomas et al. Through this process, we accurately
identified the relative abundances at the species level and for enzyme categories,
categorized by Enzyme Commission (EC) numbers.



In our analysis, we concentrated on the species and enzyme components of the
metagenomic data to investigate the distinctive microbial and enzymatic profiles
associated with CRC. The dataset revealed relative abundance values for 983 unique
microbial species and 2,894 distinct enzymes, offering a detailed view into the microbial
ecology and functional capabilities within the CRC microbiome. Our goal was to shed
light on the roles of specific species and enzymes in the development of CRC, aiming to
identify new biomarkers and therapeutic targets amidst the complex metagenomic

landscape.

3.2 Preprocessing

In advancing the understanding of the microbiota's role in colorectal cancer (CRC),
comprehensive datasets encapsulating microbial taxonomic compositions and their
functional attributes are indispensable. The datasets, derived from the MetaPhlAn 3
taxonomic profiles and HUMANN 3 functional profiles, have undergone a sequence of
preprocessing steps, pivotal for the refinement of data quality and analytical readiness
[45].

Table 3.2.1 Enzymes dataset after preprocessing
Row class 1.1.1.122 1.1.1.125 1.1.1.127 1.1.1.130 1.1.1.131 11.1.132

ID
Row0 pos 6.38395 0.48866  24.1456 9.88266 14.1598 4.47724

Rowl pos 0 3.50633  40.925 12.4527  10.8095 4.77108
Row2 pos 131362 O 0 0 17.5954  2.55107
Row3 pos 37.3938 0.216005 6.08372  2.6948 32.466 2.73441
Row4 pos 3.0982 14.0057 72.7411 39.6646 1.30704 13.2858
Row5 pos 18.586 142644  14.4763 1.65687 23.3021  1.23378

Row6 pos 146723 O 12.3031 5.84978 18.7827 3.11644
Row7 pos 1.69378 2.32216 53.1471 10.9493 8.53768 8.3683
Row8 pos 2.64107 O 4.84045  2.5696 10.8627  0.173282

Row9 pos 6.89442 135666 49.9316 18.9629 9.31839  14.1257



Table 3.2.2 Species dataset after preprocessing

Row  clas Collinsella Alistipes Streptococcus Blautia_obeu
ID S aerofaciens putredinis anginosus_group m
Row0 pos 0.02906 0.00095 0.01205 0.04658
Rowl pos 0.25828 1.92414 0 0.55916
Row2 pos 0.01288 4.80856 0.00389 0

Row3  pos 0.00086 9.35177 0 0.30297
Row4 neg ... 0.94993 2.91432 0.00639 0.64185
Row5 neg 0.00547 2.0925 0.00184 0.28482
Row6 pos 1.11336 0.43826 0 0.14736
Row7 neg 0.14341 0.62694 0 0.12371
Row8 neg 1.17221 2.09242 0.02602 1.29861

Row9 | pos 0.94884 1.24318 1.02093 0.49009

3.3 Machine Learning

Machine Learning is a subset of artificial intelligence where algorithms and
statistical models are employed to enable machines to improve at tasks with experience.
Machine learning models learn from data, identifying patterns and making decisions. This
method, which includes supervised learning (with labeled data), unsupervised learning
(with unlabeled data), and reinforcement learning (with reward feedback), reduces the

requirement for explicit programming to make judgments or predictions.

3.3.1 Feature Selection Methods

Feature selection in machine learning is the process of identifying and selecting a
subset of relevant features (variables, predictors) for use in model construction. It's about
choosing the most important features that contribute to the predictive power of the model
while removing redundant, irrelevant, or noisy data. The goal is to improve the model's
performance, reduce computational cost, and enhance interpretability. The importance of
feature selection in machine learning lies in its ability to enhance model performance,
efficiency, and interpretability. By identifying and retaining only the most relevant
features, it reduces the risk of overfitting, as the model is less likely to learn from noise

or irrelevant data. This process leads to simpler models that are faster to train, require less



computational resources, and are easier to understand and explain. In essence, feature
selection helps in building robust, efficient, and interpretable predictive models that can

perform better on unseen data, making it a crucial step in the machine learning pipeline.

3.3.1.1 Conditional Mutual Information Maximization (CMIM)

CMIM is used to evaluate the worth of a feature by measuring the mutual
information between the feature and the class label, given the values of other features. It
aims to find the set of features that are most informative about the outcome, helping to

reduce dimensionality and improve model performance.

3.3.1.2 Fast Correlation-Based Filter (FCBF)

This algorithm identifies and eliminates features that are highly correlated with
each other but have low correlation with the target variable. It aims to reduce redundancy

and irrelevance in the feature set, leading to simpler and more efficient models.

3.3.1.3 Information Gain (1G)

Used in decision trees and feature selection, Information Gain measures how much
information a feature gives about the class. It's calculated by the difference in entropy
before and after the dataset is split on that feature, guiding the selection of the most

informative features.

3.3.1.4 Minimum Redundancy Maximum Relevance (MRMR)

MRMR selects features that have the highest relevance with the target variable and
the least redundancy with each other, balancing between feature relevance and

redundancy, to enhance model performance with a compact feature set.

3.3.1.5 SelectKBest (SKB)

This method selects the top-k features based on a statistical test (like chi-squared, f-
test, etc.). It's straightforward and effective for preliminary feature selection, where only

the strongest features are retained.
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3.3.1.6 XGBoost Feature Selection (XGB)

In XGBoost, feature selection is performed through the model itself by evaluating
feature importances based on the contribution of each feature to the model's performance,

typically using metrics like "gain" or "cover".

3.3.2 Classification Methods

Classification methods in machine learning are algorithms that are used to
categorize or classify data points into predefined classes or categories. These methods

analyze the input data and use it to determine the class label for each data point.

3.3.2.1 Adaboost

Adaboost is a boosting algorithm that builds a strong classifier by combining several
weak learners, typically decision trees. It adjusts the weights of misclassified instances so
they are more likely to be correctly classified in the next iteration, iteratively improving

model accuracy.

3.3.2.2 Decision Tree

Decision Tree is a decision support tool that uses a tree-like model of decisions and
their possible consequences. It splits the dataset into branches based on feature values,
leading to decision nodes that represent the selected feature and leaf nodes that represent

the outcome.

3.3.2.3 LogitBoost

LogitBoost is a boosting algorithm specifically designed for improving
classification performance, particularly for binary classification. It modifies the weights

of instances in the dataset, focusing on those that are hard to classify in previous rounds.

3.3.2.4 Random Forest

Random Forest is an ensemble method that creates a forest of decision trees, usually
trained with variations in the data or features. It improves over a single decision tree by

reducing overfitting and providing more accurate and stable predictions.
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3.3.2.5 Optimized Support Vector Machine (SVM_opt)

Optimized Support Vector Machine refers to SVMs that have been optimized,
often with hyperparameter tuning (like selecting the best kernel, regularization parameter,

etc.) to achieve the best performance on a given dataset.

3.3.2.6 Stack_Logitboost Kmenas

This model stacks LogitBoost and K-Means for better predictive performance. It
leverages the strengths of both clustering (K-Means) and classification (LogitBoost) in a

unified model, often improving accuracy and robustness.

3.3.2.7 Stack_SVM_Kmeans

Stack_SVM_Kmeans combines SVM and K-Means in a stacked model, utilizing
SV M for classification and K-Means for clustering within the dataset. This approach aims

to improve the model's ability to classify by leveraging the internal structure of the data.

3.3.2.8 eXtreme Gradient Boosting (XGBoost)

XGBoost is a highly efficient and scalable version of gradient boosting, XGBoost
is known for its speed and performance. It uses a gradient boosting framework and is
often used in data mining competitions for its ability to handle a wide variety of data types

and tasks.
3.3.4 Feature Ranking and Selection Algorithms

3.3.4.1 Support Vector Machine - Recursive Feature Elimination (SVM-RFE)

Support Vector Machine Recursive Feature Elimination (SVM-RFE) is a feature
selection technique used to identify the most significant features for building a predictive
model. This method is particularly useful in cases where you have a large number of

features and need to reduce the dimensionality of your data.
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3.3.4.2 Support Vector Machine - Recursive Cluster Elimination (SVM-RCE)

Support Vector Machine Recursive Cluster Elimination (SVM-RCE) is a feature
selection approach. This method integrates recursive feature elimination with support
vector machines to iteratively filter out feature subsets with high accuracy rates,
particularly suitable for large datasets. The authors demonstrated the effectiveness of
SVM-RCE in feature selection tasks using Matlab. SVM-RCE aims to enhance machine
learning model performance by systematically removing less relevant features, thereby
enhancing prediction accuracy. Support vector machines and recursive cluster elimination
are combined in SVM-RCE, which offers a reliable technique for choosing useful features
for the creation of predictive models [59, 60]. This feature selection technique shows
promise for various applications, especially in scenarios with high-dimensional datasets
that necessitate efficient dimensionality reduction without compromising predictive
performance. SVM-RCE's capability to identify and retain relevant features can
significantly impact the accuracy and generalization abilities of machine learning models,

making it a valuable tool in data analysis and predictive modeling.

3.3.5 Statistical Measures and Tests

Pearson Correlation Coefficient: It is a metric used in statistics to represent how
much a linear relationship exists between two variables. It's a value between -1 and 1,
where:

+1 indicates a perfect positive linear relationship (as one variable increases, the
other variable increases at a consistent rate).

-1 indicates a perfect negative linear relationship (as one variable increases, the
other decreases at a consistent rate).

0 indicates no linear relationship between the variables.

The formula for the Pearson Correlation Coefficient (denoted as r) for two variables
XandY is:

MX-X)Y-Y)
= AT su Ty (3.35.1)

Where:
X and Y are the individual sample points.

X and Y are the mean values of the X and Y variables.
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The coefficient's magnitude indicates the strength of the correlation, while its sign
indicates the direction (positive or negative correlation). It's widely used in scientific
research to examine the relationship between variables, particularly when figuring out
whether a shift in one variable could indicate a shift in another. It only measures linear
relationships and can be affected by outliers. It also doesn’t imply causation, only
association.

T — test: A statistical test called a t-test is used to compare two groups' means and
determine whether there is a significant difference between them. It's a common tool in
statistics and research for hypothesis testing, especially in situations where the sample
sizes are small and the population variance is unknown. The basic idea behind the t-test
is to assess whether the means of two groups are statistically different from each other.
This involves calculating a t-value, which then is compared to a value from a t-distribution
to determine the probability (p-value) of the observed difference occurring by chance. A
low p-value (typically <0.05) indicates that the difference in means is statistically
significant, suggesting it's unlikely to have happened due to random chance.

The formula and exact method of calculation can vary depending on the type of t-
test being conducted, but generally, the t-test takes into account the means and standard
deviations of the groups, as well as the number of subjects in each group.

P- Value : In hypothesis testing, the p-value is the probability of observing test
results at least as extreme as the actual observed results, under the assumption that the
null hypothesis is correct. A small p-value (typically < 0.05) indicates strong evidence
against the null hypothesis, leading to its rejection. Conversely, a large p-value suggests
weak evidence against the null hypothesis, so it's not rejected. The p-value is calculated
depending on the statistical test being used (e.g., Z-test, T-test, chi-squared test). It's
determined from the test statistic, which measures the degree of agreement between the
sample data and the null hypothesis. P-values are used in many fields to determine the
statistical significance of results from experiments and studies, influencing decision-

making and conclusions.
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3.3.6 Performance Evaluation Metrics

To assess the performance of each model, we determined various statistical metrics
including sensitivity, specificity, and accuracy. These statistics were computed using the
following definitions, where TP represents true positives, FP denotes false positives, TN

signifies true negatives, and FN stands for false negatives:

Sensitivity (SE, Recall) = TP/(TP + FN) (3.3.6.1)
Specificity (SP) = TN/(TN + FP) (3.36.2)
Accuracy (ACC) = (TP + TN)/(TP + TN + FP + FN) (3.3.6.3)

In addition, we computed the Area Under the Receiver Operating Characteristic
(ROC) Curve (AUC), evaluating the probability that, if selected at random, the classifier
will score a positive instance higher than a negative one. The performance metrics
presented in this research are based on the mean of 100 Monte Carlo Cross-Validation
(MCCV) iterations. MCCV involves randomly partitioning the data into training and
testing sets, typically without replacement, and this selection process is conducted
multiple times to produce varied training and testing sets. In our case, we used 90% of
the data for training and 10% for testing. We also addressed the issue of imbalanced data
sets, which can skew the classifier’s performance towards the more prevalent class. To
mitigate this, we implemented an under-sampling strategy that equalizes the number of
instances across classes, adjusting the majority class to match the minority class count,
effectively reducing data subset size bias. Specifically, we employed an under-sampling

ratio of 1:2.
3.4 Proposed Method

In this segment, miRcorrNet tool employed in this study, is to be introduced. Figure
3.4.1 illustrates the fundamental principles and main elements of these tools. For a
contemporary summary and analysis of these methods, the 2021 review by Yousef,
Kumar, and Bakir-Gungor [48] serves as a useful reference. The comprehensive approach
consists of two principal components: the Grouping function, symbolized by G(), and the
Ranking function, denoted by R(). The detailed functions and uses of these components

are depicted in Figure 3.4.1.
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Figure 3.4.1 Basic workflow for categorizing data by utilizing the grouping function
G() and employing the R() function to evaluate the groups.

In miRcorrNet, the G() function is designed to generate two distinct types of group
outcomes: one includes clusters of enzymes that are associated with specific species and
the other features clusters of species that are linked with particular enzymes. For instance,
concerning Colorectal Cancer, the results produced by the G() function, as illustrated in
Table 3.4.1 and Table 3.4.2, encompass both enzyme groups that are connected to specific

species and groups of species categorized according to their association with enzymes.
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Table 3.4.1 Microorganism groups based on their correlations with enzyme levels

Enzyme

1.1.1.136
1.1.1.154
1.1.1.361
1.1.1.40
1.1.1.408
1.1.24
1.1.99.2
1.1.99.33
1.1419.1
1.17.1.2
1.18.1.6
1.5.1.29
1.2.1.59
1.2.99.7
1.21.4.2
1.21.4.4
1.3.1.43
1.33.1
1.3.99.3
1.3.99.22

Associated Microorganisms

Bacteroides_fragilis

Escherichia_coli
Eisenbergiella_tayi,Fusobacterium_necrophorum
Prevotella_copri
Prevotella_nigrescens,Fusobacterium_nucleatum
Slackia_exigua,Alloprevotella_tannerae,Prevotella_sp_oral_taxon_306
Prevotella_nigrescens,Fusobacterium_nucleatum
Methanobrevibacter_smithii
Prevotella_denticola,Citrobacter_freundii
Bifidobacterium_bifidum,Bifidobacterium_longum
Bifidobacterium_bifidum,Bifidobacterium_longum
Parvimonas_micra,Fusobacterium_nucleatum
Methanobrevibacter_smithii
Eubacterium_hallii,Blautia_wexlerae
Slackia_exigua,Prevotella_sp_oral_taxon 306
Slackia_exigua,Alloprevotella_tannerae,Prevotella_sp_oral_taxon_306
Eubacterium_hallii,Anaerostipes_hadrus
Bifidobacterium_longum,Anaerostipes_hadrus
Parvimonas_micra,Fusobacterium_necrophorum
Eubacterium_hallii,Anaerostipes_hadrus

Table 3.4.2 Enzymes groups based on their correlations with microorganism levels

Microorganisms

Fusobacterium
nucleatum

Bacteroides
fragilis
Prevotella
nigrescens
Porphyromonas
asaccharolytica

Slackia exigua

Cloacibacillus
porcorum
Faecalibacteriu
m prausnitzii
Prevotella copri

Flavonifractor
plautii

Related Enzymes

1.1.1.408,1.1.99.2,1.5.1.29,1.6.99.5
,2.4.1.80,2.7.1.68,3.1.3.29,3.2.1.65,3.4.19.1,3.4.22.37,4.3.1.14,4.
41175433
1.1.1.136,1.1.1.281,1.2.4.4,2.1.1.29,2.4.1.289,2.6.1.33,2.7.1.168,
3.1.1.72,3.2.1.169,3.6.3.54,4.2.1.135
1.1.1.408,1.1.99.2,1.6.99.5,2.3.1.247,3.1.3.29,3.2.1.65,3.4.19.1,3.
4.21.26,3.4.22.37,4.4.1.17
1.1.1.61,1.10.2.2,1.4.99.5,2.3.2.13,2.4.1.19,2.4.1.83,2.7.8.24,2.8.
39,3.114731.21,3.1.3.71,3.1.7.2,3.4.22.10,3.4.24.64,4.3.1.6,5.
1.99.1,5.2.1.2,5.3.3.3
1.1.2.4,1.21.4.3,1.21.4.4,1.6.99.5,2.7.1.68,3.1.3.29,3.2.1.65,3.4.2
1.26,3.4.22.37,41.3.4

2.6.1.36

1.1.1.69,14.1.14,21.1.51,24.1.211,4.2.1.55,44.1.1,5.4.1.2
1.1.140,1.4.71,1.5.1.7,2.1.1.148,2.4.1.281,2.4.2.45,3.4.11.5,3.6.

1.13,3.6.3.8,4.3.3.6,5.5.1.4,1.5.1.2
1.3.1.31,1.4.1.11,3.5.99.3,4.2.1.119
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Streptococcus 1.1.1.36,2.3.1.274,2.3.2.10,2.4.1.10,2.4.1.5,2.7.4.2,3.2.1.11,3.4.2

salivarius 457,6.3.2.7

Escherichiacoli 1.1.1.103,1.1.1.127,1.1.1.130,1.1.1.132,1.1.1.237,1.1.1.282,1.1.1.
291,1.1.1.298,1.1.1.350,1.1.1.373,1.1.1.381,1.1.1.65,1.1.1.67v,1.
1.18,1.1.1.83,1.1.5.3,1.1.5.4,1.1.99.1,1.11.1.

Eubacterium 1.3.7.7

limosum

Table 3.4.1 fundamentally shows the groups of microorganisms generated by
calculation of correlations between enzymes and microorganisms. Each entry consists of
a list of microorganisms that are correlated with a particular enzyme above a threshold
value (0.5). Table 3.4.2 outlines the clusters of enzymes identified through analyzing the
correlations between enzymes and microorganisms. It details the enzymes that exhibited
a correlation with a particular microorganism, surpassing the threshold of 0.5.

For instance, the enzyme group "1.3.1.31, 1.4.1.11, 3.5.99.3, 4.2.1.119" was found
to correlate with "Flavonifractor plautii,” as evidenced in Table 3.4.2. Consequently, it is
suggested that there might be a relationship between these enzymes and the specific
microorganism mentioned.

The dataset, composed solely of enzymes (e.g., 1.3.1.31, 1.4.1.11, 3.5.99.3,
4.2.1.119) with corresponding class labels—a subset of the original dataset—is crucial
for effectively distinguishing between two classes: CRC patients and control samples.
The role and importance of these enzymes in class differentiation are assessed by the
Ranking function R(), which is the second component of our methodology. This function
gives a score to each group created by the G() function using an internal cross-validation
mechanism, evaluating their significance in the context of class differentiation. The
Ranking algorithm R() is specifically designed to assess species-enzyme groups,
quantitatively gauging each group's contribution to the overall classification accuracy.

The Ranking function R() is designed to evaluate and score groups based on their
ability to classify or differentiate between two classes in datasets. It uses internal cross-
validation, a technique in machine learning, to assess the predictive accuracy of each
group. R(), the ranking technique, uses internal cross-validation to assign a score to each
group. The ranking process is pivotal in determining the relative importance and
effectiveness of each group in terms of their ability to classify the data into the respective
classes. This function is crucial for assessing the relative importance or effectiveness of

each group created by the G() function. This ranking allows you to select the top-
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performing groups for further analysis or model building. It provides insights into which
groups of enzymes (or species) are most significant in terms of their correlation and
impact on the classification task. This process is integral in determining which groups are
most effective in distinguishing between the classes in the data, thereby guiding the
subsequent analysis or predictive modeling.

Sub-datasets are generated from the original dataset in the G() step, each containing
enzymes linked to a particular species group while retaining the original class labels. The
R() function assigns a score to each group based on their ability to differentiate between
case and control classes, using cross-validation with a classification algorithm. When the
R() function employs cross-validation, it systematically evaluates how well each group
(created by the G() function) can differentiate between the case and control classes, thus
ensuring that the ranking of groups is as accurate and generalizable as possible. Post-
ranking, every group is scored, reflecting its discriminative power. The R() function's
output is a ranked list of these groups. Subsequently, model testing can either focus on
the highest-ranked group or extend to the top 'J' groups, with 'j' set at 10 for this study.
This involves creating sub-datasets with enzymes from the top 10 ranked groups, keeping
their original labels. A machine learning model is then developed using this tailored data
and evaluated against the test set.

In essence, this process allows for a focused analysis of the most relevant groups
(as determined by the R() function) and their effectiveness in distinguishing between
different classes in the dataset. By limiting the analysis to the top-ranked groups, the aim
is to optimize the model's predictive accuracy and relevance to the specific case-control

scenarios being studied.

3.4.1 miRcorrNet

In this study, enzyme and species data were run in reverse as mentioned before but
for the better understanding explanations and examples continued with enzymes groups
based on their correlations with species levels. Suppose we have two datasets: one,
Denzymes, containing enzyme data, and the other, Dspecies, featuring species data, both
covering the same N samples. Table 3.2.1 and Table 3.2.2 exemplifies these two datasets.
In this context, let L represent the count of enzymes in Denzymes, and K denote the
number of species in Dspecies. The methodology employed in miRcorrNet system is

depicted in Figure 3.4.1.1. This workflow includes multiple components, with the C(),
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G(), and R() functions being the primary elements. The initial stage of the miRcorrNet
workflow involves the input component, where two datasets, Denzymes and Dspecies,
are introduced. Following this, the second and third components focus on the elimination
of missing values and the normalization of the data, respectively. Subsequently, the fourth
component involves identifying the abundance of microorganisms and enzymes in
functional profiling through the application of a t-test. We restrict our consideration to
only those enzymes and species that have p-values of 0.05 or lower. The fifth component
of the workflow involves the C() function, which employs the Pearson Correlation
Coefficient to identify associations between enzymes and species. This function utilizes
the Pearson correlation coefficient to detect sets of enzymes that show negative
correlations with specific species. A stringent threshold of -0.5 is set to ensure the
detection of high-confidence associations. The outcome of the C() function is a "species-
enzymes correlation™ matrix, which then serves as the input for the subsequent component
in the workflow. In the context of the C() function in miRcorrNet workflow, the Pearson
Correlation Coefficient is used to detect the strength and direction of the association
between specific enzymes and species, helping to identify which enzymes are

significantly correlated (negatively) with particular species.
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Figure 3.4.2.1 miRcorrNet Workflow

The next component in the workflow is the "Grouping Component,” which plays a
pivotal role in integrating species and enzymes. This process is essentially the G()
function, responsible for creating groups that encompass associations between species
and their corresponding enzymes. The objective of this function is to generate groups that
will be utilized to form sub-datasets, each corresponding to a group while maintaining the
original class labels. This component results in the creation of the "Associated Enzymes"
matrix, which catalogs sets of correlated enzymes for each species. This matrix then

becomes the input for the subsequent component, known as the "Ranking Component".
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The "Ranking Component™ assesses each enzyme group from the "Associated
Enzyme" matrix, determining its importance in differentiating the two-class data. This
involves constructing models based on the highest-ranked groups. In this process, ten
models are developed, with the first model being based on the top-ranked group, the
second model incorporating the first two ranked groups, and this pattern continues up to
the top ten ranked groups. By "building on top groups,” we refer to the utilization of
enzymes associated with these groups. The final stage in the workflow is to evaluate the
model that has been developed based on these top-ranked groups. This component
processes the initial Denzymes data along with the "Associated Enzyme Matrix". When
dealing with each species in the "Associated Enzymes Matrix", a smaller subset of the
Denzymes data is generated, which includes only the enzymes specified in that particular
species entry. This component generates L subsets of data, and each of these datasets is
subsequently utilized in the following component for conducting scoring processes. The
Score component processes each subset of data, implementing a cross-validation method
and documenting its effectiveness. For model construction and prediction, a Random
Forest classifier is employed as seen in Figure 3.4.1.2. The result of this component is a
Scoring matrix that offers scores and lists the recognized enzymes for every species
group. This matrix is instrumental in ranking the groups and will later be utilized to
develop a model based on the top j groups. The model will be constructed focusing on the
enzymes from the top-ranked groups.

Score

Counting Loop Start Ramdom forest Loop End
(deprocated) Partitioning Prodictor  Scorer Rowid
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Figure 3.4.1.2 Details of the R() function
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3.4.1.1 Determining the importance of enzymes and species in miRcorrNet

Figure 3.4.1.1 illustrates that miRcorrNet iterates the procedure N times, where in
each iteration, 90% of the data is used for training and the remaining 10% for testing.
Moreover, miRcorrNet employs a random selection process that under-samples samples
at a 1:2 ratio. In every iteration, this method produces slightly varied lists of
microorganisms and their corresponding enzymes, necessitating the use of a prioritization
method for these lists. The RobustRankAggreg R package is integrated into miRcorrNet,
assigning a P-value to each item in the combined list to indicate the ranking quality of
each element/entity relative to the expected ranking. As depicted in Figure 3.4.1.1, during
each of the N iterations, microorganisms are ordered based on the scores from the function
R(). This process results in N distinct lists showing varying rankings of microorganisms.
These varying lists are then used as input for RobustRankAggreg. Similarly, to rank
enzymes, each enzyme is assigned the rank of its corresponding microorganism, creating
N lists of ranked enzymes. These enzyme rankings are also fed into RobustRankAggreg

for the final ranking process.
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Chapter 4

Results

In this study, we investigated the association between the human gut microbiota and
colorectal cancer (CRC) to identify potential microorganism-enzyme pairs as biomarkers
for CRC. Our analysis involved comprehensive metagenomic sequencing data from CRC
patients and healthy controls, examining both the diversity and functional capacity of the
gut microbiota. Our analysis identified several significant microorganism-enzyme pairs
with distinct abundance patterns between CRC patients and healthy controls. For
example, [specific microorganisms and enzymes identified in the study], were notably
associated with CRC cases. These findings suggest a potential mechanistic link between

gut microbiota composition, enzymatic activity, and CRC pathogenesis.

4.1 Performance Evaluation of Enzyme and Species

Clustering

The clustering of enzymes and species based on their correlations was evaluated to
identify potential biomarkers for colorectal cancer (CRC). The assessment was performed
using various machine learning models, and the results were evaluated using a range of
performance metrics including accuracy, sensitivity, specificity, F-measure, and the area
under the ROC curve (AUC).

4.1.1 Enzyme Clusters Based on Correlations with Species Levels

Enzyme clustering involved the evaluation of groups based on their ability to
distinguish between CRC patients and control samples. The mean accuracy across
different cluster group sizes remained relatively stable at approximately 0.67, indicating

a consistent classification performance irrespective of the number of clusters. Notably,
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sensitivity peaked in smaller cluster sizes, specifically with a single cluster, suggesting a
potential focus on specific enzyme subsets for CRC detection. The specificity was
relatively high across all cluster groups, with the best performance observed in single-
cluster scenarios. However, F-measure and AUC values suggested a balanced
performance when using between 6 to 10 clusters, peaking at an AUC of 0.74, which

indicates a strong model's discriminative ability between positive and negative classes.

Table 4.2.1.1 Performance Evaluation of Enzyme groups based on their correlations
with species levels

Mean

#Cluster #Enzyme  Accurac = Sensitivit ~ Specificit = F- Area Iteratio  learne
S S y y y measur  Under n r

e Curve  (Max*) (First)
10 371 0.67 0.65 0.68 0.66 0.73 9 svm
9 365 0.66 0.64 0.69 0.65 0.73 8 svm
8 357 0.67 0.65 0.69 0.66 0.73 7 svm
7 347.8 0.67 0.66 0.69 0.66 0.74 6 svm
6 330.8 0.68 0.67 0.69 0.67 0.74 5 svm
5 260.2 0.67 0.64 0.7 0.66 0.73 4 svm
4 211.4 0.67 0.62 0.72 0.65 0.74 3 svm
3 158.1 0.66 0.61 0.7 0.64 0.73 2 svm
2 122.6 0.64 0.59 0.69 0.61 0.71 1 svm
1 41.1 0.63 0.54 0.72 0.58 0.68 0 svm

Standard Deviation

#Cluster #Enzyme  Accurac  Sensitivit ~ Specificit = F- Area Iteratio  learne
S S y y y measur  Under n r

e Curve  (Max*)  (First)
10 92 0.03 0.05 0.05 0.04 0.03 9 svm
9 93 0.04 0.05 0.04 0.04 0.03 8 svm
8 96 0.04 0.07 0.05 0.05 0.03 7 svm
7 98 0.03 0.05 0.03 0.04 0.03 6 svm
6 96 0.04 0.04 0.05 0.03 0.03 5 svm
5 156 0.04 0.05 0.06 0.04 0.04 4 svm
4 157 0.05 0.06 0.07 0.05 0.04 3 svm
3 154 0.03 0.05 0.08 0.03 0.03 2 svm
2 153 0.03 0.09 0.09 0.05 0.04 1 svm
1 80 0.02 0.13 0.1 0.07 0.02 0 svm

Enzyme groups based on their correlations with species levels
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4.1.2 Species Clusters Based on Correlations with Enzyme Levels

In species clustering, groups were again evaluated for their discriminatory power.
Accuracy was consistently at 0.7 across all cluster sizes, while sensitivity showed lower
values, indicating challenges in the true positive rate. The specificity was notably high,
with a peak of 0.91, suggesting excellent performance in identifying true negatives.
Similar to enzyme clustering, the F-measure and AUC indicated a better balance in larger
cluster sizes, with an AUC of 0.74, reinforcing the model's effectiveness.

Table 4.3.2.1 Performance Evaluation of Species groups based on their correlations
with enzymes levels

Mean
#Clusters #Species Accuracy Sensitivity Specificity F- Area Iteration  learner
measure  Under (Max*)  (First)
Curve
10 27.5 0.7 0.49 0.91 0.62 0.74 9 svm
9 25.2 0.7 0.49 0.9 0.62 0.74 8 svm
8 22.3 0.7 0.49 0.9 0.62 0.74 7 svm
7 19.3 0.7 0.49 0.9 0.61 0.73 6 svm
6 16.1 0.69 0.48 0.9 0.61 0.73 5 svm
5 12.7 0.69 0.47 0.9 0.6 0.72 4 svm
4 9.9 0.68 0.47 0.89 0.59 0.72 3 svm
3 7.1 0.68 0.47 0.89 0.59 0.72 2 svm
2 4.7 0.68 0.46 0.89 0.59 0.71 1 svm
1 2.3 0.67 0.43 0.9 0.56 0.68 0 svm
Standart Deviation
#Clusters #Species Accuracy Sensitivity =~ Specificity F- Area Iteration  learner
measure Under (Max*)  (First)
Curve
10 5 0.03 0.06 0.05 0.04 0.02 9 svm
9 5 0.03 0.07 0.05 0.05 0.02 8 svm
8 4 0.02 0.07 0.05 0.05 0.02 7 svm
7 4 0.03 0.07 0.06 0.05 0.03 6 svm
6 3 0.03 0.06 0.05 0.05 0.02 5 svm
5 2 0.03 0.06 0.05 0.05 0.02 4 svm
4 2 0.03 0.06 0.05 0.05 0.02 3 svm
3 1 0.02 0.06 0.05 0.04 0.02 2 svm
2 1 0.02 0.06 0.05 0.04 0.02 1 svm
1 0.4 0.03 0.09 0.04 0.07 0.03 0 svm

Species groups based on their correlations with enzymes levels
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4.2 Variation Analysis

The standard deviation of performance metrics across cluster sizes was analyzed to
understand the stability of the models. It was observed that there was minimal variation
in accuracy, sensitivity, specificity, and F-measure, suggesting a stable classification
performance across different iterations of the clustering process. This stability is crucial
for ensuring the reliability of enzyme and species clusters as potential biomarkers for
CRC.

4.3 Comparative Performance Analysis

Comparative analysis using different feature selection methods and classifiers was
conducted to validate the robustness of the identified biomarkers. The results
demonstrated that specific machine learning models, such as Random Forest and
XGBoost, consistently showed superior performance, particularly when combined with
feature selection techniques like Information Gain and SelectKBest. These methods
yielded high AUC values, indicating their potential in enhancing the predictive power of
the biomarker identification process.

The feature selection process and the subsequent machine learning model
application on the curated groups of enzymes and species delineated the potential of these
biological entities in distinguishing between CRC patients and healthy controls. The AUC
values derived from these models substantiate their candidacy as robust biomarkers.

4.4 Comparative Analysis of Feature Selection

Techniques

To further assess the robustness of the biomarkers identified for colorectal cancer
(CRC), a comparison was made using different feature selection (FS) methods combined
with various classifiers. The Area Under the Curve (AUC) was used as a performance
metric for these models, with 150 selected features for enzymes and 5 for species.
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The Conditional Mutual Information Maximization (CMIM) method when used
with an Adaboost classifier, provided an AUC of 0.569 for enzymes and 0.556 for species.
On the other hand, the Random Forest (RF) classifier showed an AUC of 0.555 for
enzymes and 0.557 for species using the same FS method. These values indicate moderate
predictive power, suggesting a reasonable ability to differentiate between the CRC and
control groups.

Feature selection using Information Gain (1G) yielded significantly higher AUC
values when paired with the Adaboost classifier (0.684 for enzymes, 0.540 for species)
and even higher with the RF classifier (0.732 for enzymes, 0.538 for species). These
results suggest that IG is a powerful method for selecting relevant features, particularly
when combined with RF, resulting in a model with good classification abilities.

The Maximum Relevance Minimum Redundancy (MRMR) FS method exhibited
lower AUC values, with the RF classifier achieving an AUC of 0.526 for enzymes and
0.491 for species. This outcome indicates a need for careful consideration of feature
redundancy when selecting biomarkers for CRC.

Interestingly, the SelectKBest (SKB) FS method achieved some of the highest AUC
scores. When used with an Adaboost classifier, the AUC was 0.681 for enzymes and an
impressive 0.731 for species. The RF classifier further improved these results, producing
an AUC of 0.743 for enzymes and 0.689 for species, highlighting the strength of this
combination in distinguishing between CRC patients and healthy controls.

The Extreme Gradient Boosting (XGBoost) method also yielded high AUC values,
particularly with the XGBoost classifier, resulting in AUCs of 0.764 for both enzymes
and species. This indicates a strong predictive model that effectively differentiates
between the two classes.

The Recursive Feature Elimination (RFE) method with an SVM classifier resulted
in AUCs of 0.730 for enzymes and 0.669 for species, suggesting the effectiveness of RFE
in reducing feature dimensionality while maintaining predictive accuracy.

The miRcorrNet approach, which combines machine learning with network
analysis, was used to identify species and enzyme groups based on their correlations. The
Random Forest classifier provided an AUC of 0.714 for species groups and 0.734 for

enzyme groups, underscoring the potential of miRcorrNet in biomarker discovery.

Overall, the comparison table revealed that the choice of FS method and classifier

has a significant impact on the model's ability to predict CRC from metagenomic data.
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The Random Forest classifier, particularly when used with SKB or XGBoost for feature

selection, showed superior performance, suggesting their use in future studies aiming to

develop robust diagnostic models for CRC.

Table 4.4.4 Comparison table with different FS Methods

FS Type

CMIM

FCBF

# selected features

Classifier

Adaboost

DT
LogitBoost
RF

SVM_opt
Stack_Logitboost_ Kmenas

Stack_SVM_Kmeans
XGBoost

Adaboost

DT

LogitBoost

RF

SVM_opt
Stack_Logitboost_Kmenas
Stack_SVM_Kmeans
XGBoost

Adaboost
DT

LogitBoost

RF

SVM_opt
Stack_Logitboost_Kmenas
Stack_ SVM_Kmeans

XGBoost

29

150

Enzymes
AUC
0.568986111

0.504166667
0.582458333
0.555111111

0.517805556
0.526763889

0.530430556
0.543625

0.520958333
0.529166667
0.508125
0.52075
0.465472222
0.482194444
0.488527778
0.539819444

0.683680556
0.5825

0.683694444
0.732236111
0.620472222
0.560944444
0.622472222

0.718583333

Species
AUC

0.55638888
9
0.49

0.55

0.55690277
8
0.49255555
6
0.50333333
3

0.49375

0.54191666
7
0.51281944
4
0.51691666
7
0.50861111
1
0.51909722
2
0.49708333
3
0.48863888
9
0.46584722
2
0.51172222
2

0.5395

0.54034722
2
0.54413888
9
0.53755555
6
0.48830555
6
0.52168055
6
0.54881944
4
0.53295833
3



MRMR

SKB

XGB

RCE
RFE

miRcorrNet - Species
groups based on their
correlations with enzymes
levels

miRcorrNet - Enzyme
groups based on their
correlations with species
levels

Adaboost

DT

LogitBoost

RF

SVM_opt
Stack_Logitboost_Kmenas
Stack_SVM_Kmeans
XGBoost

Adaboost

DT

LogitBoost

RF
SVM_opt

Stack_Logitboost_ Kmenas
Stack_SVM_Kmeans
XGBoost

Adaboost

DT

LogitBoost

RF

SVM_opt
Stack_Logitboost Kmenas

Stack_SVM_Kmeans
XGBoost

SVM

SVM

selected species :5
Random Forest

selected enzymes: 150
Random Forest

30

0.507472222

0.5025

0.507902778

0.526194444

0.511638889

0.520319444

0.485027778

0.515263889

0.681097222

0.620833333

0.711458333

0.742805556
0.697888889

0.648138889

0.640166667

0.735888889

0.720638889

0.613333333

0.723180556

0.764527778

0.507847222
0.669236111

0.658388889

0.764444444

0.737663934
0.729596528

0.734398907

0.49009722
2
0.48845833
3
0.49258333
3
0.49083333
3
0.49502777
8
0.50804166
7
0.49615277
8
0.48919444
4
0.73080555
6
0.62293055
6
0.73983333
3

0.688875

0.70888888
?).68563888
(9).71459722
(2).72304166
(7).71654166
(7).64184722
(2).72604166
(7).69558333
3

0.711125

0.67998611
(1).72436111
(1).71995833
3.65709016

0.668625

0.71401639
3



4.5 Analysis of Correlations Between Species and

Enzyme Levels

The investigation into the microbiota's potential role in colorectal cancer (CRC)
revealed intricate correlations between certain microbial species and enzyme levels. The
analysis focused on clusters of enzymes that demonstrated significant correlations with
particular species, as well as clusters of species that were notably associated with enzyme
levels. The results offer insights into the interplay between microbial presence and
enzymatic activity, potentially contributing to the pathogenesis of CRC or serving as
biomarkers for the disease.

4.5.1 Species Groups Based on Their Correlations with Enzymes
Levels

Noteworthy correlations between enzymes and species were observed. For instance,
the enzyme 1.5.1.29 showed a significant correlation with species such as Parvimonas
micra and Fusobacterium nucleatum. Similarly, enzyme 3.1.1.15 was correlated with
Eisenbergiella tayi, Parvimonas micra, and Fusobacterium necrophorum. These
associations indicate a potential link between the enzymatic functions and the microbial
species that may play a role in the CRC microenvironment.

Further correlations were seen with enzyme 1.3.99.3 and species such as
Parvimonas micra and Fusobacterium necrophorum, suggesting that the enzymatic
activity might be influenced by the presence of these bacteria. The enzyme 4.2.1.43 was
linked with multiple species, including Eisenbergiella tayi, Parvimonas micra, and
Fusobacterium necrophorum, emphasizing the multi-faceted interactions within the gut

microbiota.

Table 4.5.1.1 Species groups based on their correlations with enzymes levels

Enzyme Related Species

1.5.1.29 Parvimonas_micra,Fusobacterium_nucleatum

3.1.1.15 Eisenbergiella_tayi,Parvimonas_micra,Fusobacterium_necrophorum
1.3.99.3 Parvimonas_micra,Fusobacterium_necrophorum

1.1.1.361 Eisenbergiella_tayi,Fusobacterium_necrophorum
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4.2.1.43 Eisenbergiella_tayi,Parvimonas_micra,Fusobacterium_necrophorum

2.8.3.17 Peptostreptococcus_stomatis

3.2.1.65 Slackia_exigua,Prevotella_intermedia,Prevotella_nigrescens,Eubacterium_infirmum,
Fusobacterium_nucleatum

2.3.1.247 Prevotella_nigrescens,Gemella_bergeri,Fusobacterium_nucleatum

3.4.19.1 Prevotella_nigrescens,Gemella_bergeri,Fusobacterium_nucleatum

1.6.99.5 Slackia_exigua,Prevotella_nigrescens,Fusobacterium_nucleatum

4.5.2 Enzyme Groups Based on Their Correlations with Species Levels

Conversely, certain species were found to be associated with clusters of enzymes.
Fusobacterium nucleatum, a species often implicated in CRC, was correlated with a vast
array of enzymes, including 1.1.1.408, 1.1.99.2, and 1.5.1.29. This extensive list of
enzymes may shed light on the metabolic pathways influenced by or contributing to the
presence of F. nucleatum in CRC.

Bacteroides fragilis, another species of interest, was associated with enzymes such
as 1.1.1.136 and 1.1.1.281, reflecting its metabolic activities in the gut. Prevotella
nigrescens showed correlations with enzymes that could be integral to its role in the gut
ecosystem and potential involvement in CRC pathophysiology.

The species Porphyromonas asaccharolytica and Slackia exigua were each
associated with distinct sets of enzymes, indicating their unique contributions to or
alterations in metabolic processes in the gut microbiome of CRC patients.

Overall, the analysis underscores the potential of these species and enzyme
correlations as biomarkers for CRC. Their significance lies in the possibility of
distinguishing CRC-associated microbial and enzymatic profiles from those of healthy
controls. These findings also pave the way for future explorations into therapeutic targets
within the gut microbiota, offering potential strategies for precision medicine in the
context of CRC.

Table 4.5.2.1 Enzyme groups based on their correlations with species levels

Species Related Enzymes

Fusobacterium 1.1.1.408,1.1.99.2,1.5.1.29,1.6.99.5

nucleatum ,2.4.1.80,2.7.1.68,3.1.3.29,3.2.1.65,3.4.19.1,3.4.22.37,4.3.1.14,4.4.1.17,5.4.3.3
Bacteroides 1.1.1.136,1.1.1.281,1.2.4.4,2.1.1.29,2.4.1.289,2.6.1.33,2.7.1.168,3.1.1.72,3.2.1.16
fragilis 9,3.6.3.54,4.2.1.135

Prevotella 1.1.1.408,1.1.99.2,1.6.99.5,2.3.1.247,3.1.3.29,3.2.1.65,3.4.19.1,3.4.21.26,3.4.22.3
nigrescens 7,4.4.1.17

Porphyromonas 1.1.1.61,1.10.2.2,1.4.99.5,2.3.2.13,2.4.1.19,2.4.1.83,2.7.8.24,2.8.3.9,3.1.1.47,3.1.2
asaccharolytica  .1,3.1.3.71,3.1.7.2,3.4.22.10,3.4.24.64,4.3.1.6,5.1.99.1,5.2.1.2,5.3.3.3
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Slackia
exigua
Escherichia
coli

Faecalibacteriu
m

prausnitzii
Prevotella
copri
Flavonifractor
plautii
Streptococcus
salivarius

1.1.2.4,1.21.43,1.21.44,1.6.99.5,2.7.1.68,3.1.3.29,3.2.1.65,3.4.21.26,3.4.22.37 /4.
134
1.1.1.103,1.1.1.127,1.1.1.130,1.1.1.132,1.1.1.237,1.1.1.282,1.1.1.291,1.1.1.298,1.
1.1.350,1.1.1.373,1.1.1.381,1.1.1.65,1.1.1.67v,1.1.1.8,1.1.1.83,1.1.5.3,1.1.5.4,1.1.
99.1,1.11.1.21,1.11.1.6,1.11.1.9,1.12.99.6,1.13.11.29,1.14.11.17,1.14.11.47,1.14.1
2.1,1.1412.17,1.14.12.19,1.14.13.107,1.14.13.239,1.14.13.59,1.14.14.51,1.14.99.
46,1.16.1.9,1.17.1.9,1.17.7.1,1.18.1.3,1.19.1.1,1.2.1.10,1.2.1.16,1.2.1.19,1.2.1.21,
1.215121.71,1.21.72,1.2.1.8,1.2.1.88,1.2.4.2,1.2.5.1,1.2.99.6,1.3.1.28,1.3.1.84,
1.3.1.87,1.3.3.3,1.3.5.3,1.3.8.13,1.4.1.4,1.4.3.19,1.4.3.21,1.4.99.6,1.5.1.42,1.5.5.1,
16.1.1,165216.5516.691.7.1.151.71.4,1.7.23,1.75.1,1.7.99.4,1.8.1.2,1.8.1
.8,1.8.5.3,1.8.5.7,1.97.1.9,2.1.1.166,2.1.1.170,2.1.1.172,2.1.1.174,2.1.1.181,2.1.1.
200,2.1.1.201,2.1.1.222,2.1.1.265,2.1.1.298,2.1.1.35,2.1.1.61,2.1.1.77,2.3.1.109,2.
3.1.118,2.3.1.15,2.3.1.16,2.3.1.191,2.3.1.193,2.3.1.210,2.3.1.242,2.3.1.243,2.3.1.2
51,2.3.1.267,2.3.1.40,2.3.1.41,2.3.1.46,2.3.1.61,2.3.1.n5,2.3.2.2,2.3.3.16,2.3.3.9,2.
41.12,24.1.152.4.1.180,2.4.1.58,2.4.2.15,2.4.2.4,2.4.2.43,2.4.99.13,2.5.1.141,2.5
.1.18,2.5.1.64,2.5.1.94,2.6.1.57,2.6.1.66,2.6.1.82,2.6.1.88,2.7.1.165,2.7.1.184,2.7.
1.19,2.7.1.192,2.7.1.194,2.7.1.197,2.7.1.201,2.7.1.202,2.7.1.51,2.7.1.53,2.7.1.58,2
.7.1.60,2.7.1.73,2.7.1.83,2.7.1.89,2.7.11.5,2.7.2.15,2.7.4.23,2.7.4.292.7.7.1,2.7.7.1
9,2.7.7.58,2.7.7.61,2.7.7.73,2.7.7.76,2.7.7.n1,2.7.8.20,2.7.8.37,2.7.8.42,2.8.1.12,2.
8.1.2,28.3.19,2.8.3.21,3.1.1.1,3.1.1.32,3.1.1.4,3.1.1.45,3.1.1.85,3.1.11.3,3.1.11.5,
3.1.212,31.2.143.1.2.2,3.1.2.28,3.1.21.1,3.1.21.7,3.1.3.10,3.1.3.12,3.1.3.22,3.1.3
.26,3.1.3.50,3.1.3.6,3.1.3.74,3.1.3.81,3.1.3.82,3.1.3.89,3.1.3.97,3.1.4.14,3.1.4.17,3
.1.4.55,3.2.1.196,3.2.1.199,3.2.1.28,3.2.2.28,3.3.2.1,3.4.11.1,3.4.11.23,3.4.13.21,3
4.19.5,3.4.24.55,3.4.24.70,3.4.25.2,3.5.1.105,3.5.1.110,3.5.1.78,3.5.1.96,3.5.3.23,
3.5.3.26,3.5.4.13,3.5.4.4,3.5.4.42,3.6.1.12,3.6.1.25,3.6.1.26,3.6.1.45,3.6.1.65,3.6.1
.67,3.6.1.9,3.6.3.19,3.6.3.2,3.6.3.33,3.8.1.7,4.1.1.112,4.1.1.17,4.1.1.18,4.1.1.47 4.
1.1.85,4.1.2.20,4.1.2.21,4.1.2.52,4.1.2.53,4.1.3.1,4.1.3.17,4.1.3.40,4.1.99.1,4.1.99.
3,4.2.1.104,42.1.12,4.2.1.40,4.2.1.6,4.2.1.7,4.2.1.70,4.2.1.75,4.2.1.79,4.2.1.90,4.2
.2.n2,4.3.1.18,4.3.2.7,4.4.1.13,4.4.1.155.1.3.20,5.1.3.29,5.3.1.22,5.3.1.28,5.3.1.31
,5.3.2.2,5.3.3.14,5.4.99.19,5.4.99.20,5.4.99.21,5.4.99.22,5.4.99.27,5.4.99.28,5.4.9
9.29,6.2.1.1,6.2.1.17,6.2.1.26,6.2.1.33,6.2.1.48,6.3.1.11,6.5.1.4,7.1.1.3,7.1.1.7,7 4.
2.1,7521,76.22,76.25
1.1.169,1411421.151,241.211,42.1.554.4.1.154.1.2

1.1.1.40,1.4.7.1,1.5.1.7,2.1.1.148,2.4.1.281,2.4.2.45,3.4.11.5,3.6.1.13,3.6.3.8,4.3.3
.6,55.1.4,15.1.2
1.3.1.31,14.1.11,3.5.99.3,4.2.1.119

1.1.1.36,2.3.1.274,2.3.2.10,2.4.1.10,2.4.1.5,2.7.4.2,3.2.1.11,3.4.24.57,6.3.2.7
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Chapter 5

Biological Validation of Result Obtained

from mircorrnet

5.1 Species Groups Based on Their Correlations with

Enzymes Levels

FMN reductase (EC 1.5.1.29) is a crucial enzyme involved in various biological
processes, plays a significant role in transferring reducing equivalents in different cellular
pathways [49]. Flavin mononucleotide (FMN) reductases are crucial enzymes involved
in various biological processes, including colorectal cancer. Research has shown that
NADPH-cytochrome P450 oxidoreductase and nitric oxide synthase (NOS) are examples
of FMN reductases that are involved in electron transfer activities that are crucial for the
activity of enzymes like cytochrome P450 [61, 62, 63]. These reductases contain domains
for binding FMN, FAD, and NADPH, which facilitate the transfer of reducing equivalents
necessary for catalytic reactions [49].

Parvimonas micra found in the human oral and gastrointestinal microbiota, has
garnered increasing attention in research due to its possible link to a number of illnesses,
including colorectal cancer (CRC). It has been discovered that patients with colorectal
cancer who have this bacterium had a lower five-year cancer-specific survival rate [52].
The potential function of Parvimonas micra in colorectal cancer is supported by emerging
research. For example, studied the significance of Parvimonas micra and how it relates to
other microbial biomarkers as a possible non-invasive intestines biomarker for colorectal
cancer [53]. Additionally, a study by revealed a connection between Parvimonas micra
and colorectal cancer [54]. Furthermore, a study by revealed that Parvimonas micra tumor

colonization is linked to a lower prognosis in patients with colorectal cancer [52].
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Fusobacterium nucleatum are normally found in the human oral cavity, however
they have been linked to colorectal cancer (CRC) more and more recently [67, 68].
Fusobacterium nucleatum has attracted considerable interest for its possible involvement
in accelerating and intensifying the development and advancement of colorectal cancer
via multiple pathways [55]. Additionally, It's emphasized the association of
Fusobacterium nucleatum in the gastrointestinal tract with the emergence of CRC,
indicating its role in the carcinogenesis of CRC [57]. Furthermore, provided a thorough
evaluation summarizing the role of Fusobacterium nucleatum in CRC, including its
detection methods, underlying pathogenic mechanisms, and potential prevention
strategies [58]. Furthermore, the review by emphasized Fusobacterium nucleatum's
procarcinogenic activity, which may be related to its modification of the tumor
immunological environment and activation of carcinogenesis and inflammatory pathways
[59]. This further underscores the significance of Fusobacterium nucleatum in the context
of CRC development. The high frequency of Fusobacterium nucleatum in colorectal
tumors and its link to a lower chance of human survival were also covered, confirming
the bacteria's significance in the pathophysiology of colorectal cancer [60].

Our research has identified enzyme 1.5.1.29, known as FMN reductase, in
association with the bacterial species Parvimonas micra and Fusobacterium
nucleatum as a potential biological indicator for Colorectal Cancer. This finding
delineates a significant link between the metabolic pathways involving FMN
reductase and the microbial ecosystem within the colorectal cancer milieu, providing
new insights into the disease's molecular landscape and highlighting potential

targets for diagnostic and therapeutic strategies.

L-arabinonolactonase (EC 3.1.1.15) is a essential enzyme in the alternative
pathway of L-arabinose metabolism [61]. To the best of my knowledge, and after a
thorough investigation of the available literature, no studies have directly addressed the
direct impact of L-arabinonolactonase on colorectal cancer.

Eisenbergiella tayi is a species of bacteria initially identified from human blood
[62]. According to metagenomic sequencing, people with particular medical problems,
such as overweight conditions and gestational diabetes mellitus, have higher relative
abundances of Eisenbergiella tayi [63], [64]. This suggests a potential association

between the abundance of Eisenbergiella tayi and specific health conditions.
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Fusobacterium necrophorum is a type of anaerobic, Gram-negative bacteria
commonly found in the human digestive tract, yet it can become pathogenic under specific
circumstances [65]. Fusobacterium nucleatum and Fusobacterium necrophorum are
frequently detected in colorectal cancer (CRC) tissues. These bacteria are linked to the
development and worsening of colorectal cancer (CRC) [78, 79]. Studies have
consistently reported the enrichment of Fusobacterium species, particularly F. nucleatum
and F. necrophorum, in CRC tissues compared to healthy controls [78, 80]. Furthermore,
Fusobacterium species have been linked to the promotion of chemoresistance in CRC and
have been found to influence disease progression through various mechanisms [69].

The findings from our study underscore the novel discovery that L-
arabinonolactonase (EC 3.1.1.15), in conjunction with the bacterial species
Eisenbergiella tayi, Parvimonas micra, and Fusobacterium necrophorum, acts as a

possible colorectal cancer biomarker.

Acyl-CoA dehydrogenases (EC 1.3.99.3) represent a group of enzymes essential
for the metabolism of fatty acids and the breakdown of branched-chain amino acids [70].
Deficiencies in these enzymes can lead to fatty acid oxidation disorders, which can result
in life-threatening metabolic derangements [71]. The direct impact of acyl-CoA
dehydrogenase activity on colorectal cancer (CRC) development or progression is not
explicitly outlined. However, fatty acid metabolism is essential to the development of
colorectal cancer (CRC). Cancer cells' metabolic reprogramming involves alterations in
fatty acid oxidation (FAO) and synthesis, impacting cell proliferation and survival [72].
To the best of my knowledge, and after a thorough investigation of the available literature,
there is no explicit delineation of the direct impact that acyl-CoA dehydrogenase activity
has on the development of colorectal cancer (CRC).

In our research, we identified the enzyme acyl-CoA dehydrogenase (EC
1.3.99.3), along with the presence of Parvimonas micra and Fusobacterium
necrophorum, as a potential biomarker for Colorectal Cancer.

Glucose-6-phosphate 3-dehydrogenase (G6PD) (EC - 1.1.1.361 ) is essential to
the metabolism of carbohydrates. It catalyzes the conversion of glucose-6-phosphate to
6-phosphogluconolactone and the reduction of NADP to NADPH, which is the initial step
in the pentose phosphate pathway. This process is vital for generating NADPH, a reducing

agent that helps protect cells from oxidative damage and is also used in anabolic reactions,
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such as fatty acid synthesis [73]. An enzyme engaged in the pentose phosphate cycle,
glucose-6-phosphate 3-dehydrogenase (G6PD) is essential for preserving the redox
balance of cells. Research has indicated a potential link between altered G6PD activity
and various health conditions, including cancer. Furthermore, it has been suggested that
second primary cancers are a commonly encountered medical problem, indicating the
need for further investigation into the role of G6PD in cancer growth [74]. Additionally,
the incidence of second primary cancers has been found to negatively influence the
prognosis of cancer patients [43].

In our study, glucose-6-phosphate 3-dehydrogenase (EC 1.1.1.361), in
conjunction with the presence of Eisenbergiella tayi and Fusobacterium

necrophorum, was found to be a possible colorectal cancer biological marker.

The enzyme 2-dehydro-3-deoxy-L-arabinonate dehydratase (DAH) (Enzyme
4.2.1.43) has a vital part in the metabolic pathways related to carbohydrate processing. It
is involved in the dehydration process, which is essential for the metabolism of certain
sugars, thereby contributing significantly to various biological processes, including
cellular metabolism and energy production [75]. To the best of my knowledge, and after
a thorough investigation of the available literature, no studies have directly addressed the
direct impact of 2-dehydro-3-deoxy-L-arabinonate dehydratase (DAH) on colorectal
cancer.

The enzyme 4.2.1.43, known as 2-dehydro-3-deoxy-L-arabinonate
dehydratase, alongside the presence of Eisenbergiella tayi, Parvimonas micra, and
Fusobacterium necrophorum, was identified as a possible colorectal cancer
biomarker.

The enzyme (R)-3-(aryl)lactate CoA-transferase (Enzyme 2.8.3.17) belongs to a
newly identified family of CoA-transferases [76]. The involvement of CoA (coenzyme
A) in colorectal cancer is a subject of interest due to its role in cellular metabolism and
its possible influence on the onset of cancer. Research has demonstrated that colorectal
cancer cells overexpress HMG-CoA reductase, an enzyme involved in the mevalonate
pathway that is controlled by statins. Statins have also been demonstrated to stimulate
death in cancer cell lines [77]. Additionally, the expression of hydroxymethylglutaryl-
Coenzyme A synthase 2 has been affiliated with the effects of chemoradiotherapy on
human colorectal cancer cells [78]. Moreover, the proliferation of colorectal cancer has

been linked to the NAD+ salvage pathway, suggesting a possible connection to CoA
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metabolism [79]. Furthermore, it has been discovered that microRNA-26a controls the
metabolizing process of glucose in colorectal cancer cells by specifically targeting
PDHX, which prevents pyruvate from being converted to acetyl coenzyme A in the citric
acid cycle [80]. These results imply a major role for CoA and associated pathways in the
pathogenesis and management of colorectal cancer.

Peptostreptococcus stomatis is a species of bacteria that belongs to the genus
Peptostreptococcus. This genus is part of the Firmicutes phylum and is known for being
anaerobic, meaning it does not require oxygen for growth. This genus of bacteria is
commonly found in the dental cavity, digestive tract, and other parts of the human body.
They can play roles in both healthy microbiota balance and in disease states [81].
Peptostreptococcus stomatis has been recognized as a possible indicator for colorectal
cancer (CRC). Studies have indicated an intensified abundance of Peptostreptococcus
stomatis in CRC, pointing out that it may be important for detecting the first signs of
colorectal cancer [82]. Furthermore, Peptostreptococcus stomatis has been associated
with gastric carcinogenesis, with key points in the ecological network of gastric cancer
[83]. Additionally, it has been discovered that Peptostreptococcus stomatis is a prevalent
high-risk pathogen of colorectal cancer (CRC) worldwide, and it is regarded as a
significant variable in CRC models that forecast risks across various areas [84].
Additionally, it has been identified as one of the species enriched in gastric tumors,
suggesting its potential significance in the progression of gastric cancer [98, 99].
Additionally, there is evidence that Peptostreptococcus stomatis may be a useful
biomarker for the noninvasive detection and prognosis of colorectal laterally spreading
cancers. These two biomarkers have a strong association [87]. Moreover,
Peptostreptococcus stomatis has been associated with consensus molecular subtype 1
(CMS1) tumors, which are closely linked to the serrated pathway in CRC carcinogenic
pathways [88]. These findings collectively suggest that Peptostreptococcus stomatis may
serve as a meaningful microbial marker for the early detection, diagnosis, and risk
prediction of colorectal and gastric cancers.

In our study, the enzyme 2.8.3.17, known as 3-(aryl)acryloyl-CoA:(R)-3-
(aryl)lactate CoA-transferase, alongside Peptostreptococcus stomatis, was
pinpointed as a potential biomarker for Colorectal Cancer. This finding not only
enriches our understanding of CoA-related metabolic pathways in cancer

development but also emphasizes the significant role of specific bacterial species in
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influencing colorectal cancer’s landscape, thereby offering novel insights into the

disease’s diagnostic and therapeutic avenues.

Levanases (EC 3.2.1.65) are enzymes present in certain microorganisms, such as
Bacillus and Pseudomonas, that facilitate the breakdown of the B-2,6-linked main chain
of levan, a type of natural fructan [89]. To the best of my knowledge, and after a thorough
investigation of the available literature, no studies have directly addressed the direct
impact of Levanases on colorectal cancer.

Slackia exigua is a bacterium that has been associated with various health
conditions. It has been identified within the gastrointestinal microbiome and has been
affiliated with gastric carcinogenesis [96, 103, 104]. It has been revealed that Slackia
exigua is a human intestine bacterium that can convert genistein and daizenzin [92]. It
has been discovered to be considerably more abundant in the microbiota of gastric
carcinogenesis, indicating a possible function in the development of the illness and
dysbiosis of the gut [93]. To the best of my knowledge, and after a thorough investigation
of the available literature, no studies have directly addressed the direct impact of Slackia
exigua on colorectal cancer.

Prevotella intermedia is linked to a wide range of gastrointestinal (Gl)
malignancies, such as gastrointestinal and colorectal cancers (CRC). It has been
discovered that the microbiome of patients with gastric cancer and colorectal cancer has
increased levels in Prevotella intermedia, which forms a robust co-occurrence network
with disease development [107, 108]. Furthermore, Prevotella intermedia, along with
other oral pathogens, has been connected to a higher risk of colorectal cancer, indicating
its potential role in colorectal carcinogenesis [109, 110].

Prevotella nigrescens is a prevalent species in the human oral cavity, commonly
found in dental plague and associated with periodontal diseases [97]. Research has
indicated that differences in the gut microbiota of patients with colorectal cancer (CRC)
may be related to Prevotella, notably Prevotella nigrescens [98]. Furthermore, it has been
discovered that Prevotella nigrescens is more abundant in CRC patients, indicating a
possible connection between this bacterium and CRC [99].

Eubacterium infirmum is a species of the genus Eubacterium that has been
associated with human health [100]. It has been identified in tumors, peri-implantitis sites,
and in the root canals of diabetic patients [101]. The development of colorectal cancer

has been linked to the gut microbiome; individuals with colorectal cancer have lower
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levels of some bacteria, such as Eubacterium rectale and Faecalibacterium prausnitzii,
than healthy controls [35]. It has also been discovered that the development of colorectal
cancer is associated with a rise in the Eubacterium coprostanoligenes and Bacteroides
families [102].

The enzyme EC 3.2.1.65 known as levanase, in conjunction with Slackia exigua,
Prevotella intermedia, Prevotella nigrescens, Eubacterium infirmum, and
Fusobacterium nucleatum, was identified as a potential biomarker for Colorectal
Cancer.

3-keto-5-aminohexanoate cleavage (Enzyme 2.3.1.247) is a crucial catalyst in the
cleavage of 3-keto-5-aminohexanoate, a reaction integral to specific metabolic pathways
encompassed in the degradation of certain amino acids or compounds [103]. This enzyme
is essential to metabolic processes, such as the breakdown and synthesis of different
biochemical molecules. Its precise mechanism, substrate specificity, and biological role
depend on the organism in which it is located. To the best of my knowledge, and after a
thorough investigation of the available literature, no studies have directly addressed the
direct impact of 3-keto-5-aminohexanoate cleavage on colorectal cancer.

Gemella bergeri belongs to the Gemella genus, which includes other species like
Gemella sanguinis, Gemella haemolysans, and Gemella morbillorum [45, 118]. The
presence of Gemella in colorectal cancer patients' gut microbiota has been identified
through 16S ribosomal RNA sequencing, along with other bacteria like Fusobacterium
and Parvimonas [105].

The enzyme 2.3.1.247, known as 3-keto-5-aminohexanoate cleavage enzyme,
alongside Prevotella nigrescens, Gemella bergeri, and Fusobacterium nucleatum,

emerged as a potential biomarker for Colorectal Cancer.

Acylaminoacyl-peptidase (ACPH, EC 3.4.19.1) is part of the prolyl
oligopeptidase (POP) family and catalyzes the cleavage of N-acylated peptides into
acylamino acids and peptides with free N-termini [106]. This enzyme affects the DNA
damage response and is linked to a number of diseases, including cancer, cataract
development, and Alzheimer's disease [105].

The enzyme acylaminoacyl-peptidase (EC 3.4.19.1), in association with Prevotella
nigrescens, Gemella bergeri, and Fusobacterium nucleatum, has been identified as

a potential biomarker for Colorectal Cancer.
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NADH dehydrogenase (quinone) (Enzyme 1.6.99.5) plays a crucial role in
electron transfer processes in various organisms. It aids in the production of energy by
catalyzing the transfer of electrons from NADH to quinones. Quinone, also known as
NADH dehydrogenase, is essential for cellular metabolism, especially in cancer cells.
Studies have shown that NADH dehydrogenase is involved in electron transfer from
NADH to quinones, impacting energy generation [121, 122]. Furthermore, mutations in
mitochondrial DNA affecting NADH dehydrogenase have been linked to tumorigenesis,
altering reactive oxygen species generation and apoptosis [109]. In colorectal cancer, the
NAD+/NADH ratio increases during cancer progression, impacting oxidative stress
levels [110]. Furthermore, the finding that overexpression of NADH dehydrogenase
complex | is present in metastatic colon cancer cells implies that the enzyme is involved
in the spread of cancer [111]. Furthermore, altered alcohol dehydrogenase and aldehyde
dehydrogenase activities in the sera of individuals with colorectal cancer may operate as
disease diagnostic indicators [112]. Mitochondrial function, including NADH
dehydrogenase activity, influences the intrusion of colon cancer cells, with variations in
TFAM, ND6, COX-1l, NDUFA9, SDHB, UQCRCL1/2, and cytochrome C oxidase
subunits impacting cancer cell behavior [113]. Furthermore, the mitochondrial electron
transport chain, where NADH dehydrogenase is a key player, is crucial regarding the
cancer cells' energy metabolism, affecting drug resistance and autophagy [114]. In
general, the growth and spread of colorectal cancer as well as other cancers are
significantly influenced by NADH dehydrogenase (quinone) and the pathways that are
linked to it. Comprehending the complex pathways associated with NADH
dehydrogenase is imperative in the advancement of focused therapeutic interventions and
diagnostic methodologies for the treatment of cancer.

The Enzyme NADH dehydrogenase (quinone) (EC 1.6.99.5), along with the presence
of Slackia exigua, Prevotella nigrescens, and Fusobacterium nucleatum, has been

pinpointed as a potential biomarker for Colorectal Cancer.

5.2 Enzyme Groups Based on Their Correlations with
Species Levels

Fusobacterium nucleatum is linked to the progression and worsening of colorectal
cancer by promoting inflammation, aiding tumor growth, and influencing the tumor

microenvironment as mentioned above.
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4-phospho-D-threonate 3-dehydrogenase (EC 1.1.1.408) is involved in metabolic
pathways, affecting the biosynthesis of compounds like 2,4-dihydroxybutyric acid [115].
An important part of cancer biology is the metabolism. Synthetic metabolic pathways for
biosynthesis can offer insights into potential intervention targets. Additionally, the
expression of enzymes such as D-3-phosphoglycerate dehydrogenase can impact serine

synthesis, which is relevant in cancer progression [116].

L-2-hydroxyglutarate dehydrogenase (L2HGDH) (EC 1.1.99.2) is vital for the
metabolism of L-2-hydroxyglutarate (L-2HG), an oncometabolite associated with various
cancers, comprising colorectal cancer. Research has shown that L-2HG can inhibit a-
ketoglutarate-dependent enzymes, affecting cellular processes [117]. Moreover, changes
in enzymes such as isocitrate dehydrogenase can change the tricarboxylic acid cycle,
which can result in an overproduction of 2-hydroxyglutarate and aid in the occurrence of
cancer [118].

The influence of FMN reductase (EC 1.5.1.29) enzyme on colorectal cancer has

been mentioned above.

The effect of the enzyme NADH dehydrogenase (quinone)(EC 1.6.99.5) on

colorectal cancer is explained above.

Ceramide glucosyltransferase (EC 2.4.1.80) (CGT) plays a crucial role in cellular
processes, particularly in cancer. Research has demonstrated a correlation between
changes in ceramide and glucosylceramide levels and the advancement of cancer [119].
In colorectal cancer, the enzyme CGT has been implicated in multidrug resistance
mechanisms [120]. Moreover, it has been demonstrated that glucosylceramide synthase
inhibition increases the anti-proliferative effects of chemotherapy on cancer cells.
Ceramide glucosyltransferase activity is dependent on this enzyme [121].

1-phosphatidylinositol-4-phosphate 5-kinase (EC 2.7.1.68) (PIP5K) is an
essential enzyme involved in lipid metabolism and cellular signaling pathways. Studies
have indicated that PIP5Ks are essential for controlling a number of cellular functions,
including autophagy, cell morphogenesis, and pain signaling [136, 137, 138]. In the
context of cancer, the inhibition of PIP5KSs has been investigated as a potential therapeutic
approach. Research has emphasized PIP5Ks' significance in conditions like cancer,
neurodegeneration, and immunological disorders [123]. Moreover, the phosphorylation
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status of PIP5K1C has been associated with invasive ductal carcinoma of the breast,

suggesting a possible predictive value in cancer progression [125].

N-acylneuraminate-9-phosphatase (Ezyme 3.1.3.29) is also referred to as PRL-3
phosphatase and has been linked to the advancement of colorectal cancer. Research has
indicated that PRL-3 expression is elevated in metastases of colorectal cancer patients
relative to primary tumors. In colorectal cancer, this phosphatase is essential for
facilitating cell invasion, proliferation, and metastasis [140, 141, 142]. Moreover, it has
been discovered that PRL-3 is overexpressed in colorectal cancer liver metastases,
highlighting its importance in the process of metastatic progression. Furthermore, PRL-3
has been linked to boosting cancer evolution in colorectal cancer cells via a number of

different pathways, such as Csk down-regulation that activates Src [128].

The effect of the levanase (EC 3.2.1.65) enzyme on colorectal cancer has been

stated above.

The impact of the acylaminoacyl-peptidase (EC 3.4.19.1) enzyme on colorectal

cancer is referenced above.

Gingipain R (EC 3.4.22.37) a cysteine proteinase produced by Porphyromonas
gingivalis, has been connected to several factors that contribute to the development of
cancer and progression. Studies have shown that gingipains, including gingipain R, can
activate matrix metalloproteinases like MMP9, promoting cancer invasiveness [129].
Furthermore, through the MAPK/ERK signaling pathway, gingipains have been
connected to the growth of colorectal cancer cells; gingipain-deficient mutants exhibit
decreased cancer cell proliferation [130]. Moreover, esophageal cancer has been linked
to P. gingivalis, specifically gingipain R, which influences clinicopathological features
and patient survival [131]. Gingipains have been reported to play a role in the growth and
metastasis of cancer by encouraging the invasion of oral squamous cell carcinoma
through the induction of proMMP9 and its activation [132]. Additionally, gingipains have
been implicated in creating a cancer-promoting microenvironment, influencing tumor
progression in oral cancer [133]. Overall, the data point to the critical role that gingipain
R and other gingipains play in the initiation and spread of cancer, impacting mechanisms

including invasion, proliferation, and the tumor microenvironment. Gaining insight into
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the mechanisms via which gingipains support various cancer-related activities may help

develop new therapeutic approaches that specifically target these virulence factors.

3-Aminobutyryl-CoA ammonia-lyase (EC 4.3.1.14) is essential in lysine
fermentation, converting 3-aminobutyryl-CoA into crotonyl-CoA. This enzyme is crucial
for the production of acetate, butyrate, and ammonia during the fermentation process [68].
This enzyme's involvement in lysine fermentation may have implications for colorectal

cancer metabolism.

Holocytochrome-c synthase (HCCS) (EC 4.4.1.17) is a crucial enzyme
responsible for attaching heme to cytochromes c, a process essential for mitochondrial
function. The final byproduct of HCCS activity, cytochrome c, is involved in both
apoptosis and oxidative phosphorylation [148, 149]. Prostaglandin E synthase (PGES)
isomer activity in the context of colorectal cancer has been investigated to learn more
about its relationship to clinicopathological variables and prognosis for patients [136].
Furthermore, by controlling signaling pathways, chondroitin synthase-1 (CHSY1) has
been connected to encouraging proliferation and preventing apoptosis in colorectal cancer
[137]. Additionally, fatty acid synthase (FASN) is frequently upregulated in colorectal
cancer, suggesting its potential as a diagnostic tool for this particular kind of cancer [138].
Thymidylate synthase has been connected to drug resistance and has been linked to a poor
prognosis in colorectal cancer patients [139]. In conclusion, heme's attachment to
cytochromes c, which is necessary for mitochondrial activity, is facilitated by the
important enzyme HCCS. Comprehending the expression and modulation of enzymes
such as thymidylate synthase, PGES, CHSY1, FASN, and FASN offers important insights

into the pathogenesis and possible targets for treatment in colorectal cancer.

Lysine 5,6-aminomutase (5,6-LAM) (EC 5.4.3.3) is an enzyme that is essential to
the metabolism of lysine. In the context of colorectal cancer, lysine methyltransferase 9
(KMT9) has been found to be a key regulator of colorectal cancer [140]. Lysine
methyltransferases, which mediate histone methylation, have been identified as a critical
mechanism in controlling pathological processes in digestive malignancies, such as
colorectal cancer [141]. In summary, lysine 5,6-aminomutase is a key enzyme in lysine
metabolism, with intricate mechanisms involving radical intermediates and cofactors.
Understanding its function and regulation can provide insights into both normal metabolic

processes and potential implications in diseases like colorectal cancer.
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Fusobacterium nucleatum has been identified as a possible biomarker for

colorectal cancer along with the previously described enzymes.

Bacteroides fragilis (ETBF) is one of the bacteria linked to the development of
colorectal cancer, has received considerable focus. The significance of ETBF in colorectal
carcer has been shown by studies. Because ETBF can alter epithelial cells and regulate
the immune system reaction, it has been associated with an increased risk of colorectal
cancer [160, 161, 162]. The secretion of the B. fragilis toxin (BFT) by ETBF strains is a
pivotal mechanism through which these bacteria contribute to cancer development [163,
164]. Moreover, dysbiosis resulting from an unbalanced microbiome in the intestinal
tract, leading to elevated levels of bacteria like Bacteroides fragilis, has been related to a
higher chance of colorectal cancer. This imbalance can disrupt the normal functions of
the intestinal microbiota, potentially fostering carcinogenesis [147]. Additionally, the
presence of ETBF has been linked to exacerbating tumorigenesis in colorectal cancer
models [145].

UDP-N-acetylglucosamine 6-dehydrogenase (1.1.1.136), plays a vital role in
producing UDP-N-acetylglucosamine, an essential metabolite in the hexosamine
biosynthetic pathway (HBP). The transformation of UDP-N-acetylglucosamine into
UDP-N-acetylglucosaminuronic acid is catalyzed by this enzyme [148]. Dysregulation of
the hexosamine biosynthesis pathway enzymes, such as UDP-N-acetylglucosamine 6-
dehydrogenase, can affect glycosylation processes that are essential for the advancement
of colorectal cancer. Upregulation of enzymes like UDP-N-acetylglucosamine
pyrophosphorylase may contribute to altered glycosylation patterns observed in

colorectal cancer cells [149].

GDP-4-dehydro-6-deoxy-D-mannose reductase (EC 1.1.1.281) is a key enzyme
in the production of GDP-L-fucose, a crucial nucleotide sugar required for numerous
glycosylation processes. Key to the hexosamine biosynthesis pathway, this enzyme
catalyzes the conversion of GDP-4-keto-6-deoxy-D-mannose to GDP-L-fucose [150].
Glycosylation pattern changes seen in a variety of biological settings, including cancer,
have been linked to changes in enzymes involved in GDP-L-fucose production, such as
GDP-4-keto-6-deoxy-D-mannose epimerase/reductase. Dysregulation of GDP-L-fucose
biosynthesis-related enzymes, such as GDP-4-dehydro-6-deoxy-D-mannose reductase,

may impact glycosylation processes that are essential for the advancement of colorectal
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cancer. Studies have indicated that deficiencies in fucosylation, a process dependent on
GDP-L-fucose, can lead to colitis and adenocarcinoma [151]. The dysregulation of
enzymes responsible for GDP-L-fucose synthesis has been linked to changes in Notch
signaling, a pathway implicated in colorectal cancer development [152].

3-methyl-2-oxobutanoate dehydrogenase (2-methylpropanoyl-transferring)
(EC 1.2.4.4) is a key player in colorectal cancer due to its involvement in branched-chain
amino acid metabolism. This enzyme is particularly significant in colorectal cancer as it
interacts with lactate dehydrogenase [153]. Dysregulation of enzymes engaged in
metabolizing 3-methyl-2-oxobutanoate, such as dehydrogenases has been linked to

colorectal cancer's advancement [154].

tRNA (cytosine-5-)-methyltransferase (EC 2.1.1.29) performs a crucial function
in the development of colorectal cancer by modifying RNA [155]. Enhanced gene copy
numbers and elevated protein expressions of tRNA (cytosine-5-)-methyltransferase have
been described in colorectal cancer, one of the human cancers where dysregulation of
tRNA methyltransferases, such as NSUN2, has been seen. [156].

N-acetylglucosaminyl-diphospho-decaprenol L-rhamnosyltransferase (EC
2.4.1.289) is an enzyme , which is involved in glycosylation activities, has been linked to
the advancement of colorectal cancer. Research has demonstrated that the enzyme b1,6-
N-acetylglucosaminyl transferase V (GNT-V) is overexpressed in liver metastases and
original colorectal tumors, suggesting a possible function for GNT-V in the proliferation
of cancer [157]. This enzyme has been addressed for biomarker identification because it

is known to be increased in malignant cancer cells [158].

dTDP-4-amino-4,6-dideoxy-D-glucose transaminase (EC 2.6.1.33) is a crucial
component in the synthesis of various bioactive molecules, and is of interest in the context

of colorectal cancer, which involves several biochemical pathways [159].

D-glycero-alpha-D-manno-heptose-7-phosphate kinase (EC 2.7.1.168) plays a
vital role in producing heptose derivatives, key components of lipopolysaccharides (LPS)
in various bacteria. This enzyme phosphorylates D-glycero-D-manno-heptose-7-
phosphate to create intermediates such as D-glycero-D-manno-heptose-1,7-bisphosphate.
Research indicates that in bacteria like E. coli, it functions as part of a bifunctional protein,
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serving both as a kinase and an adenylyltransferase [181, 182, 183]. The impact of E. coli

on colorectal cancer has been elucidated above.

Acetylxylan esterase Akt2 (EC 3.1.1.72) overexpression has been associated with
advanced colorectal cancer stages and the formation of metastases [163].

Protein O-GIcNAcase (EC 3.2.1.169) is an enzyme that removes O-linked [-N-
acetylglucosamine (O-GIcNAc) from modified proteins, has attracted considerable
interest in cancer research, especially in studies of colorectal cancer. Research has
demonstrated that O-GIcNAcase plays a critical role in cancer malignancy and
chemotherapy resistance. The dysregulation of O-GIcNAcase has been associated with
altered protein O-GIcNAcylation levels, impacting various cellular processes in cancer
cells. Moreover, O-GIcNAcase's potential as a therapeutic target has been illuminated by
its association with radioresistance and DNA repair processes in colorectal cancer [185,
186, 187].

Cu+-exporting ATPase (EC 3.6.3.54) are implicated in the intricate mechanisms
of colorectal cancer, encompassing the dysregulation of copper transport proteins such as
these ATPases [167]. In the context of colorectal cancer, there is evidence of altered
ATPase activity. Research has shown a notable reduction in Na*+/K"+ ATPase
functioning in samples of colorectal tumors influenced by NAADP [168]. Furthermore,
the up-regulation of the Na™+,K"+-ATPase a3-isoform has been observed in human
colorectal cancer cells, potentially compensating for the decreased expression of the al-
isoform [169]. Moreover, the use of copper nanoparticles as radiosensitizers for colorectal
carcinoma treatment has shown promise [170]. These nanoparticles induce autophagy in
cancer cells, providing insights into their mechanism of action for cancer treatment.
Additionally, the knockdown and overexpression of clusterin have been found to

modulate Cu-ATPase-mediated copper export capacity in cells [171].

UDP-N-acetylglucosamine 4,6-dehydratase (configuration-retaining) (EC
4.2.1.135) is an essential enzyme for the production of several sugar compounds. Studies
have emphasized the importance of enzymes like this in bacterial proteins [172]. To the
best of my knowledge, and after a thorough investigation of the available literature, no
studies have directly addressed the direct impact of UDP-N-acetylglucosamine 4,6-
dehydratase on colorectal cancer.
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Bacteroides fragilis has been identified as a possible biomarker for colorectal cancer

along with the previously described enzymes.

The effect of the Prevotella nigrescens strain on colorectal cancer is described

above.

The impact of the 4-phospho-D-threonate 3-dehydrogenase (Enzyme 1.1.1.408),
L-2-hydroxyglutarate dehydrogenase (Enzyme 1.1.99.2), NADH dehydrogenase
(quinone) (Enzyme 1.6.99.5), 3-keto-5-aminohexanoate cleavage (Enzyme 2.3.1.247),
N-acylneuraminate-9-phosphatase (Ezyme 3.1.3.29), levanase (Enzyme 3.2.1.65),
acylaminoacyl-peptidase (Enzyme 3.4.19.1), gingipain R (Enzyme 3.4.22.37) and
Holocytochrome-c synthase (Enzyme 4.4.1.17) on colorectal cancer is referenced

above.

Prolyl oligopeptidase (POP) (Enzyme 3.4.21.26) is a serine endopeptidase that
has been implicated to a number of illnesses, such as colorectal cancer. Fibroblast
activation protein (FAP) and POP are frequently overexpressed in cancers arising from
epithelial cells. The specificity with which cancer stromal fibroblasts produce FAP points
to FAP as a possible target for therapeutic intervention in the treatment of cancer [173].
Studies have shown that POP is involved in inflammatory diseases, including

atherosclerosis, indicating its role in immune system modulation [174].

Prevotella_nigrescens has been identified as a possible biomarker for colorectal
cancer along with the previously described enzymes.

Porphyromonas asaccharolytica is a species within the Porphyromonas genus has
been linked to the occurrence of colorectal carcinoma. Research has indicated that
patients with colorectal cancer have considerably higher concentrations of
Porphyromonas species, such as P. asaccharolytica, in their mucosal and specimens from
stool compared to control patients [175]. Additionally, a possible correlation between the
Porphyromonas genus and the Porphyromonadaceae family and colorectal carcinoma has
been further suggested by metagenomic studies that indicate an overrepresentation of
these organisms in colorectal cancer cases relative to normal specimens [197, 198].
Porphyromonas species have also been discovered to be viable diagnostic indicators for
colorectal cancer (CRC), with P. asaccharolytica being one of the bacteria that are
detected in notably high abundance in tumoral tissues and fecal samples of individual
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with CRC [199, 200]. Furthermore, pancreatic, colorectal, and orodigestive cancers have

all been connected to Porphyromonas species [180].

4-hydroxybutyrate dehydrogenase (Enzyme 1.1.1.61) is an enzyme involved in
the catabolism of 4-hydroxybutyrate, and has also been investigated in different
biological pathways [181]. To the best of my knowledge, and after a thorough
investigation of the available literature, no studies have directly addressed the direct

impact of 4-hydroxybutyrate dehydrogenase on colorectal cancer.

Quinol-cytochrome-c reductase’s (Enzyme 1.10.2.2) role in the electron transport
chain is a critical factor in the apparition of cancer [182]. To the best of my knowledge,
and after a thorough investigation of the available literature, no studies have directly

addressed the direct impact of Quinol-cytochrome-c reductase on colorectal cancer.

Glycine dehydrogenase (cyanide-forming)- HCN synthase (Enzyme 1.4.99.5) is
a crucial enzyme that facilitates the replacement of glycine to produce cyanide, a process
relevant to cancer metabolism [183]. Studies have shown that glycine metabolism,
particularly in conjunction with serine, is essential for cancer cells, providing precursors

for macromolecules and antioxidant defense mechanisms [184].

Protein-glutamine gamma-glutamyltransferase (Enzyme 2.3.2.13) is significant
for the advancement of cancer of the gastrointestinal tract. Studies have revealed that
enzymes such as GGT1 and GGT5, which belong to the gamma-glutamyltransferase
family, are crucial in promoting cancer development, enhancing drug resistance, and
participating in redox processes [208, 209]. In colorectal carcinoma, glutamate
metabolism is critical to cell survival and proliferation. Research has demonstrated that
blocking the metabolism of glutamine can impede the combination and invasion of tumor
cells [187]. The importance of glutamine in cancer metabolism has been highlighted by
the discovery that it is a necessary substrate for the TCA cycle in colorectal tumor cells
[188]. Furthermore, it has been discovered that SIRT4's suppression of glutamine
metabolism increases colorectal cancer cells' susceptibility to chemotherapy [189].
Overall, the dysregulation of protein-glutamine gamma-glutamyltransferase enzymes and
glutamine metabolism in colorectal cancer underscores their importance as potential

therapeutic targets.
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Cyclomaltodextrin glucanotransferase (Enzyme 2.4.1.19) contributes indirectly
to colorectal cancer treatment by producing cyclodextrins that enhance drug delivery and

efficacy through improved solubility, stability, and targeted therapy [190].

Dolichyl-phosphate beta-D-mannosyltransferase (DPMT) (Enzyme 2.4.1.83) is
a key enzyme involved in protein glycosylation processes, in particular when mannose
residues are transferred to proteins [191]. Genes related to DPMT like DPM2 have been
associated with colorectal cancer survival [192] and identified as unfavorable prognostic
markers in other types of cancer [193].

Phosphatidylcholine synthase (Enzyme 2.7.8.24) is a key player in colorectal
cancer, contributing to cancer cell resistance to chemotherapy drugs like oxaliplatin.
Abnormal phosphatidylcholine biosynthesis, facilitated by enzymes such as
lysophosphatidylcholine acyltransferase 2 (LPCAT2), has been linked to
chemoresistance in colorectal cancer [194]. Furthermore, lysophosphatidylcholine
acyltransferase 1 (LPCAT1) is significantly overexpressed in colorectal
adenocarcinomas, suggesting its potential involvement in colorectal cancer pathogenesis
[195].

Butyrate-acetoacetate CoA-transferase (Enzyme 2.8.3.9) is a crucial enzyme in
butyrate synthesis, particularly in the final step of the process. This enzyme helps convert
butyryl-CoA to butyrate in the human the gastrointestinal tract, where it is mostly used
by bacteria that produce butyrate [219, 220, 221]. Numerous investigations have found
the gene encoding this enzyme, underscoring its importance in the gut microbiota [199].
Additionally, the butyrate-acetoacetate CoA-transferase pathway, utilizing acetate as a
cosubstrate, has been proposed as a major pathway by which the gut ecology produces
butyrate [200]. Studies have demonstrated a possible connection between dysbiosis and
disease states by linking changes in butyryl-CoA transferase gene expression to diseases
such as colorectal cancer [201]. Understanding the regulation of butyrate oxidation, which
can be influenced by histone deacetylases, is crucial in comprehending the protective
effects of butyrate in colorectal cancer [202].

The enzymes 1-alkyl-2-acetylglycerophosphocholine esterase (EC 3.1.1.47),
acetyl-CoA hydrolase (EC 3.1.2.1), 2-phosphosufolactate phosphatase (EC 3.1.3.71) and
guanosine-3',5'-bis(diphosphate) 3'-diphosphatase (EC 3.1.7.2) are enzymes that act
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specifically on various ester bonds under EC 3.1 within the class of hydrolases. These
enzymes stimulate the hydrolysis of ester bonds to break them. Ester bond-acting
enzymes are essential to many biological processes, involving the initiation and

dissemination of malignancies like colorectal cancer (CRC) [203].

Streptopain (Enzyme 3.4.22.10) also known as SpeB, is a cysteine protease
produced by Streptococcus pyogenes, and it has been implicated in various pathogenic
processes. Streptopain, along with other bacterial proteases, can obstruct the host's
intrinsic defense mechanism by affecting processes like kinin release [204]. To the best
of my knowledge, and after a thorough investigation of the available literature, no studies

have directly addressed the direct impact of Streptopain on colorectal cancer.

Mitochondrial processing peptidase (MPP) (Enzyme 3.4.24.64) is a crucial
enzyme responsible for cleaving mitochondrial targeting sequences from proteins
destined for the mitochondria [205]. In the context of colorectal cancer, mitochondrial
function, including histone acetylation, has been implicated in the disease. Mitochondria
have been reported to elevate H3K27ac marks in colorectal cancer, suggesting a potential
link between mitochondrial processes and cancer progression [206].

Beta-alanyl-CoA ammonia-lyase (EC 4.3.1.6) also referred to as Acl. To the best
of my knowledge, and after a thorough investigation of the available literature, no studies
have directly addressed the direct impact of beta-alanyl-CoA ammonia-lyase on

colorectal cancer.

Methylmalonyl-CoA epimerase (EC 5.1.99.1) is a key enzyme involved in various
metabolic pathways, like the process that transforms propionyl-CoA into succinyl-CoA
[207]. In reference to colorectal cancer, understanding the importance of methylmalonyl-
CoA epimerase is significant due to its involvement in intermediary metabolism [208].
Alterations in metabolic pathways, including those involving methylmalonyl-CoA
epimerase, can have implications for tumorigenesis. Even though the references do not
specifically mention a direct association between methylmalonyl-CoA epimerase and
colon cancer, it is important to comprehend the enzyme's function in metabolic processes
and the possibility of its dysregulation in disease states in order to guide future research
in the field of cancer research.
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Maleylacetoacetate isomerase (EC 5.2.1.2) also known as GSTZ1, is essential to
the breakdown of tyrosine. In the context of colorectal cancer (CRC), changes to
metabolic processes, including those involving amino acids like tyrosine, can have

significant impacts on cancer cell growth and proliferation [209].

Vinylacetyl-CoA DELTA-isomerase (EC 5.3.3.3) is essential in fatty acid
metabolism [210]. To the best of my knowledge, and after a thorough investigation of the
available literature, no studies have directly addressed the direct impact of vinylacetyl-
CoA DELTA-isomerase on colorectal cancer.

Porphyromonas asaccharolytica has been identified as a possible biomarker

for colorectal cancer along with the previously described enzymes.
The effect of the Slackia exigua on colorectal cancer has been stated above.

D-lactate dehydrogenase (cytochrome) (EC 1.1.2.4) is significant in colorectal
cancer, as research has shown that its levels, along with other forms of lactate

dehydrogenase, correlate with the prognosis of patients with this disease [211].

Sarcosine reductase (EC 1.21.4.3), a derivative of glycine, has been identified as
a differential metabolite significantly increased in colorectal cancer. Metabolomic studies
have revealed elevated levels of sarcosine in colorectal tumors, suggesting its
involvement in tumorigenesis [212]. Studies have shown that sarcosine and related

molecules could potentially serve as biomarkers for early colorectal cancer [213].

Betaine reductase (EC 1.21.4.4) has been a subject of interest in the context of
colorectal cancer due to its potential implications in cancer risk. Studies have explored
the association between plasma betaine levels and colorectal carcinogenesis, with limited

research available on this specific relationship [214].

The effect of the enzyme NADH dehydrogenase (quinone)(EC 1.6.99.5) on

colorectal cancer is explained above.

The effect of the enzyme 1-phosphatidylinositol-4-phosphate 5-kinase (EC

2.7.1.68) on colorectal cancer is explained above.
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The effect of the enzyme N-acylneuraminate-9-phosphatase (Enzyme 3.1.3.29)

on colorectal cancer is explained above.

The effect of the levanase enzyme (EC 3.2.1.65) on colorectal cancer has been
stated above.

The effect of the prolyl oligopeptidase (POP) enzyme (Enzyme 3.4.21.26) on

colorectal cancer has been stated above.

The effect of the gingipain R enzyme (EC 3.4.22.37) on colorectal cancer has been
stated above.

Hydroxymethylglutaryl-CoA lyase (HMGCL) (EC 4.1.3.4) plays a significant
role in cancer metabolism, particularly in colorectal cancer [215]. Additionally, HMGCL
has been implicated in hepatocellular carcinoma (HCC) suppression through p-
hydroxybutyrate production, indicating its potential role in inhibiting cancer progression
[216].

Along with the previously mentioned enzymes, Slackia_exigua has been found as a

potential diagnostic biological marker for colorectal cancer.

Escherichia coli is a prevalent bacterium in the human digestive system, is linked
with the emergence of colon tumor, as research has shown a significant connection
between E. coli adhering to the mucosa and the disease. [217]. A considerable proportion
of individuals with colorectal cancer contain E. coli strains that produce colibitin,
indicating a possible role in oncogenesis [218]. The association between precancerous
and cancerous colorectal tissues and colibactin-producing E. coli suggests a potential role
for this bacteria in fostering colorectal carcinogenesis [219]. E. Coli strains that produce
a lot of colibactin have also been linked to colorectal tumor formation, underscoring their
potential impact on cancer development [142]. Furthermore, enteropathogenic E. coli
(EPEC), a kind of mucosa-associated E. coli, has been linked to the emergence of colon
tumorigenesis, suggesting involvement in the molecular pathways of colorectal cancer
[220]. Escherichia coli has been identified as a significant microbial player in colorectal
cancer oncogenesis due to its prevalence in colorectal cancer tissues and its role in
tumorigenesis in animal models [221]. The course of the tumor's development linked to

colitis is significantly afflicted by chronic inflammation in the colon, which is made
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possible by E. coli colonization [222]. In conclusion, it seems that Escherichia coli,
especially the types that produce colibactin, is a fundamental feature in the emergence of
colorectal carcinoma. Understanding the mechanisms by which E. coli contributes to
colorectal oncogenesis is essential for developing targeted interventions to prevent and
treat this prevalent form of cancer.

L-threonine 3-dehydrogenase (EC 1.1.1.103), 2-dehydro-3-deoxy-D-gluconate
5-dehydrogenase (EC 1.1.1.127), 3-dehydro-L-gulonate 2-dehydrogenase (EC
1.1.1.130), GDP-mannose 6-dehydrogenase (EC 1.1.1.132), hydroxyphenylpyruvate
reductase (EC 1.1.1.237), quinate/shikimate dehydrogenase [NAD(P)+]
(EC1.1.1.282), 2-hydroxymethylglutarate dehydrogenase (EC 1.1.1.291), 3-
hydroxypropionate dehydrogenase (NADP+) (EC 1.1.1.298), ureidoglycolate
dehydrogenase (NAD+) (EC 1.1.1.350), sulfolactaldehyde 3-reductase (EC
1.1.1.373), 3-hydroxy acid dehydrogenase (EC 1.1.1.381), pyridoxine 4-
dehydrogenase (EC 1.1.1.65), mannitol 2-dehydrogenase (EC 1.1.1.67), glycerol-3-
phosphate dehydrogenase (NAD+) (EC 1.1.1.8) and D-malate dehydrogenase
(decarboxylation) (EC 1.1.1.83) enzymes are a subgroup of NAD+ or NADP+ as
acceptors. NAD+ and NADP+ play crucial roles in colorectal cancer. Research has
demonstrated that the NAD biosynthesis pathway facilitated by Nampt is operational in
gastrointestinal tumor cells, underscoring the significance of NAD in the advancement of
malignancy [223].

Glycerol-3-phosphate dehydrogenase (GPDH) (EC 1.1.5.3) is a key enzyme
involved in various biological processes, including cancer. Research has demonstrated its
significance in cancer biology, particularly in colorectal cancer. In colorectal cancer,
GPDH has been found to be upregulated, indicating its role in supplying glycerol 3-
phosphate for lipid biosynthesis, essential for cancer cell growth [224]. The observed
metabolic alterations in cancer cells could perhaps be attributed to this deregulation of
GPDH activity.

Malate dehydrogenase (quinone) (EC 1.1.5.4) plays a vital involvement in cancer
metabolism and is affiliated with multiple cancer types. In bacteria such as Escherichia
coli and Corynebacterium glutamicum, malate dehydrogenase has been studied,
emphasizing its importance in cellular metabolism [225]. MDH1 has been connected to
promoting glycolysis in actively proliferating cells, consisting of tumor cells in the

context of cancer [226].
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Choline dehydrogenase (EC 1.1.99.1) vital in the choline-glycine betaine
pathway, has connections to multiple types of cancers, including gastrointestinal cancer.
Research findings have indicated that choline dehydrogenase is essential in conferring
osmotic tolerance in Escherichia coli [227]. Colorectal cancer stem cells, characterized
by specific markers like CD44 and aldehyde dehydrogenase, have been determined to
represent targets for efficient therapy of colorectal carcinoma [228]. To comprehend the
intricacy of the disease, researchers have looked into the biological traits of tumor-
generating subpopulations in colon cancer, such as cellular plasticity and aldehyde
dehydrogenase enzyme activity [229].

Catalase-peroxidase (EC 1.11.1.21), catalase (EC 1.11.1.6), glutathione
peroxidase (EC 1.11.1.9) enzymes are a subgroup of Peroxidases (EC 1.11.1).
Peroxidases, including glutathione peroxidase (GPx), have been a subject of relevance
for the study of carcinoma of the colon due to their role in combating oxidative stress, a
major contributor to cancer development [230]. Studies have shown that selenium, a key
component of selenoenzymes like GPx, may have a chemopreventive effect on colorectal
cancer through its antioxidative properties [231]. Furthermore, the upregulation of GPx
has been linked to protecting colorectal cells from oxidative damage induced by reactive
oxygen species [232].

Hydrogenase (acceptor) (EC 1.12.99.6) is an enzyme responsible for converting
molecular hydrogen into protons and electrons reversibly, plays roles in multiple
biological processes, including cancer. Its involvement is especially significant in
colorectal cancer, where research indicates that the activity of hydrogenase may
contribute to the prevention of cancerous transformations [233].

Stizolobate synthase (EC 1.13.11.29) is an enzyme that breaks specific carbon-
carbon bonds in dihydroxyphenylalanine, leading to the creation of certain acids [234].
To the best of my knowledge, and after a thorough investigation of the available literature,
no studies have directly addressed the direct impact of stizolobate synthase on colorectal
cancer.

Taurine dioxygenase (EC 1.14.11.17), [50S ribosomal protein L16]-arginine 3-
hydroxylase (EC 1.14.11.47), anthranilate 1,2-dioxygenase (deaminating,
decarboxylating) (EC 1.14.12.1), nitric oxide dioxygenase(EC 1.14.12.17), 3-
phenylpropanoate dioxygenase (EC 1.14.12.19), limonene 1,2-monooxygenase (EC
1.14.13.107), carnitine monooxygenase (EC 1.14.13.239), L-lysine NG6-
monooxygenase (NADPH) (EC 1.14.13.59), (S)-limonene 6-monooxygenase (EC
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1.14.14.51) and pyrimidine oxygenase (EC 1.14.99.46) enzymes classified under EC
1.14 are known as "Acting on paired donors, with incorporation or reduction of molecular
oxygen (oxygenases)". Heme oxygenase-1 (HO-1) in particular is an oxygenase that is
important in colorectal cancer. Research has indicated that HO-1's involvement of p53
confers antitumoral effects in colorectal cancer [235]. Furthermore, in colorectal cancer
cells, overexpression of HO-1 can cause ferroptosis and ultimately result in cancer cell
death [236].

Ferric-chelate reductase (NADPH) (EC 1.16.1.9) is an enzyme that helps to
maintain iron balance and aids in iron absorption [237]. Posttranscriptional regulation of
ferric chelate reductase highlights its significance in adapting to iron deficiency
conditions [238]. The emergence of colorectal carcinoma is significantly influenced by
iron, and the effects of different types of iron vary. Compared to other types of iron, heme
iron in particular has been proposed to have a more substantial part in the progression of
colon carcinoma [239].

Formate dehydrogenase (EC 1.17.1.9) has been pertained to colon cancer
research, particularly in the context of identifying potential markers for cancer stemness.
Furthermore, the growth of colorectal cancer has been connected to the activity of two
important enzymes involved in alcohol metabolism: aldehyde dehydrogenase and alcohol
dehydrogenase [240]. Moreover, lactate dehydrogenase (LDH) levels have been
investigated for their prognostic value in colorectal cancer patients. Studies have shown
that elevated LDH levels may have implications for patient outcomes and treatment
responses [211]. In conclusion, formate dehydrogenase and related enzymes play
significant roles in the molecular pathways and potential therapeutic targets in colorectal
cancer.

(E)-4-hydroxy-3-methylbut-2-enyl-diphosphate synthase (ferredoxin) (EC
1.17.7.1) is also known as GcpE or IspG. To the best of my knowledge, and after a
thorough investigation of the available literature, no studies have directly addressed the
direct impact of stizolobate synthase on colorectal cancer.

Ferredoxin-NAD+ reductase (EC 1.18.1.3), flavodoxin-NADP+ reductase (EC
1.19.1.1), acetaldehyde dehydrogenase (acetylating) (EC 1.2.1.10), succinate-
semialdehyde dehydrogenase [NAD(P)+] (EC 1.2.1.16), aminobutyraldehyde
dehydrogenase (EC 1.2.1.19), glycolaldehyde dehydrogenase (EC 1.2.1.21), aldehyde
dehydrogenase [NAD(P)+] (EC 1.2.1.5), succinylglutamate-semialdehyde
dehydrogenase (EC 1.2.1.71), erythrose-4-phosphate dehydrogenase (EC 1.2.1.72),
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betaine-aldehyde dehydrogenase (EC 1.2.1.8), L-glutamate gamma-semialdehyde
dehydrogenase (EC 1.2.1.88), oxoglutarate dehydrogenase (succinyl-transferring) (
EC 1.2.4.2), pyruvate dehydrogenase (quinone) (EC 1.2.5.1), carboxylate reductase
(EC 1.2.99.6), 2,3-dihydro-2,3-dihydroxybenzoate dehydrogenase (EC 1.3.1.28),
acrylyl-CoA reductase (NADPH) ( EC 1.3.1.84), 3-(cis-5,6-dihydroxycyclohexa-1,3-
dien-1-yl)propanoate dehydrogenase (EC 1.3.1.87), coproporphyrinogen oxidase
(EC 1.3.3.3), protoporphyrinogen IX dehydrogenase (quinone) (EC 1.3.5.3),
crotonobetainyl-CoA reductase (EC 1.3.8.13), glutamate dehydrogenase (NADP+)
(EC 1.4.1.4), glycine oxidase (EC 1.4.3.19), primary-amine oxidase (EC 1.4.3.21), D-
arginine dehydrogenase (EC 1.4.99.6), FMN reductase (NADH) ( EC 1.5.1.42),
electron-transferring-flavoprotein  dehydrogenase (EC 1.5.5.1), NAD(P)+
transhydrogenase (Si-specific) ( EC 1.6.1.1), NAD(P)H dehydrogenase (quinone) (
EC 1.6.5.2), NADPH:quinone reductase (EC 1.6.5.5), trimethylamine-N-oxide
reductase (EC 1.6.6.9), nitrite reductase (NADH) (EC 1.7.1.15), nitrite reductase
[NAD(P)H] (EC 1.7.1.4), trimethylamine-N-oxide reductase (EC 1.7.2.3), nitrate
reductase (quinone) (EC 1.7.5.1), nitrate reductase (EC 1.7.99.4), assimilatory
sulfite reductase (NADPH) (EC 1.8.1.2), protein-disulfide reductase (EC 1.8.1.8),
respiratory dimethylsulfoxide reductase (EC 1.8.5.3), glutathionyl-hydroquinone
reductase (EC 1.8.5.7), selenate reductase (EC 1.97.1.9) enzymes classified under EC
1 are known as Oxidoreductases. The oxidoreductases that play a major part in colorectal
cancer include those that are overexpressed in a variety of malignancies. Furthermore, in
colorectal cancer, xanthine oxidoreductase levels have been related to malignancy growth
and metastasis [241]. Overall, the pathophysiology and advancement of colorectal cancer
may be aided by the dysregulation of a number of oxidoreductases, including xanthine
oxidoreductase, microsomal epoxide hydrolase, and NQO1l. Knowing how these
oxidoreductases function in colorectal cancer may help identify new treatment targets and
indicators of the illness.

23S rRNA (uridine2552-2'-O)-methyltransferase (EC 2.1.1.166), 16S rRNA
(guanine527-N7)-methyltransferase (EC 2.1.1.170), 16S rRNA (guaninel207-N2)-
methyltransferase (EC 2.1.1.172), 23S rRNA (guaninel835-N2)-methyltransferase
(EC 2.1.1.174), 23S rRNA (adeninel618-N6)-methyltransferase (EC 2.1.1.181),
tRNA (cytidine32/uridine32-2'-O)-methyltransferase (EC 2.1.1.200), 2-methoxy-6-
polyprenyl-1,4-benzoquinol  methylase (EC  2.1.1.201), 2-polyprenyl-6-
hydroxyphenol methylase (EC 2.1.1.222), tellurite methyltransferase (EC 2.1.1.265),
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ribosomal protein L3 Nb5-glutamine methyltransferase (EC 2.1.1.298), tRNA
(uracil54-C5)-methyltransferase (EC 2.1.1.35), tRNA 5-(aminomethyl)-2-
thiouridylate-methyltransferase (EC 2.1.1.61), protein-L-isoaspartate(D-aspartate)
O-methyltransferase (EC 2.1.1.77) enzymes classified under EC 2.1.1 are known as
Methyltransferases. Methyltransferases regulate a number of activities, including DNA
repair, gene expression, and epigenetic changes, which is important in colorectal cancer.
Genes such as p16, THBS1, and hMLH1 are methylated in colorectal cancers that exhibit
the CpG island methylator phenotype (CIMP) [242]. Histone methyltransferases like
EZH2 are known to repress gene expression in digestive cancers, including colorectal
cancer [141]. Additionally, the m6A methyltransferase METTL3 has been implicated in
promoting cancer progression [243]. METTL3 has been found to mediate chemotherapy
resistance in colorectal cancer by enhancing m6A modification levels [244]. Furthermore,
it has been determined that m6A methyltransferase KIAA1429 is a carcinogenic
contributor to colorectal cancer [245].

Arginine N-succinyltransferase (EC 2.3.1.109), N-hydroxyarylamine O-
acetyltransferase (EC 2.3.1.118), glycerol-3-phosphate 1-O-acyltransferase (EC
2.3.1.15), acetyl-CoA  C-acyltransferase @ (EC  2.3.1.16), UDP-3-O-(3-
hydroxyacyl)glucosamine N-acyltransferase (EC 2.3.1.191), tRNAMet cytidine
acetyltransferase =~ (EC  2.3.1.193),  dTDP-4-amino-4,6-dideoxy-D-galactose
acyltransferase (EC 2.3.1.210), Kdo2-lipid IVA palmitoleoyltransferase (EC
2.3.1.242), acyl-Kdo2-lipid IVA acyltransferase (EC 2.3.1.243), lipid IVA
palmitoyltransferase (EC 2.3.1.251), [ribosomal protein S5]-alanine N-
acetyltransferase (EC 2.3.1.267), acyl-[acyl-carrier-protein]-phospholipid O-
acyltransferase (EC 2.3.1.40), beta-ketoacyl-[acyl-carrier-protein] synthase | (EC
2.3.1.41), homoserine O-succinyltransferase (EC 2.3.1.46), dihydrolipoyllysine-
residue succinyltransferase (EC 2.3.1.61), gamma-glutamyltransferase (EC 2.3.2.2),
citrate synthase (unknown stereospecificity) (EC 2.3.3.16), malate synthase (EC
2.3.3.9) enzymes classified under EC 2.3 are known as Acyltransferases. Acyltransferases
play a crucial role in colorectal cancer by influencing various pathways connected to
chemoresistance and metabolism of lipids. Researches have highlighted the significance
of specific acyltransferases in colorectal carcinoma. For example, in colorectal cancer,
there is an upregulation of Agpat4, an acyltransferase that converts lysophosphatidic acid
(LPA) into phosphatidic acid, indicating an inadequate prognosis [246]. Furthermore,
lysophosphatidylcholine acyltransferase 2 LPCAT2-induced lipid droplet biogenesis
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impedes cell death pathways, contributing to chemoresistance in colorectal cancer [247].
Moreover, lysophosphatidylcholine acyltransferase 1 (LPCAT1) and
lysophosphatidylcholine acyltransferase 4 (LPCAT4) have been associated with
colorectal cancer progression and lipid accumulation in cancer cells [248]. These
acyltransferases are involved in the conversion of lysophosphatidylcholine into
phosphatidylcholine, impacting lipid metabolism in cancer cells. Furthermore, in a
number of cancer forms, including colorectal cancer, acylglycerol-3-phosphate
acyltransferase 2 (AGPAT2) has been connected to lipid droplet buildup and the
longevity of cells [249]. Additionally, it has been demonstrated that the dysregulation of
acyltransferases, such as LPCAT?2, increases the formation of lipid droplets, which aids
in the chemotherapy resistance of colorectal cancer cells [194]. This dysregulation affects
pathways related to caspase activation, ER stress, and immunogenic cell death, ultimately
influencing the response to chemotherapy in colorectal cancer. In conclusion,
acyltransferases, particularly LPCAT1, LPCAT2, LPCAT4, and AGPAT?2, play critical
roles in lipid metabolism, chemoresistance, and cancer progression in colorectal cancer.
Understanding the impact of these acyltransferases on cellular pathways can provide
insights into potential therapeutic targets and strategies to overcome chemoresistance in
colorectal cancer.

Cellulose synthase (UDP-forming) (EC 2.4.1.12), alpha,alpha-trehalose-
phosphate synthase (UDP-forming) (EC 2.4.1.15), lipopolysaccharide N-
acetylmannosaminouronosyltransferase (EC  2.4.1.180), lipopolysaccharide
glucosyltransferase | (EC 2.4.1.58), guanosine phosphorylase(EC 2.4.2.15),
thymidine phosphorylase (EC 2.4.2.4), lipid IVA 4-amino-4-deoxy-L-
arabinosyltransferase (EC 2.4.2.43), (Kdo)-lipid IVA 3-deoxy-D-manno-octulosonic
acid transferase (EC 2.4.99.13) enzymes classified under EC 2.4 are known as
Glycosyltransferases. Glycosyltransferases play a vital role in colorectal cancer (CRC)
by influencing various aspects of tumor progression and prognosis. Studies have
identified specific glycosyltransferase enzymes like GCNT3, FUT4, FUT9, and B3GnT8
that are associated with CRC development and outcomes. It has been suggested that these
enzymes are indicators for CRC chemoresistance and prognosis [296, 297]. Additionally,
alterations in glycosyltransferase gene expression have been linked to poor prognostic
CRC subtypes, particularly those connected to a lack of mismatch repair and insufficient

glycan biosynthesis [252]. In conclusion, dysregulated glycosyltransferases and aberrant

59



glycosylation patterns are key factors in CRC pathogenesis, influencing tumor
progression, prognosis, and chemoresistance.

Heme o synthase (EC 2.5.1.141), glutathione transferase (EC 2.5.1.18), 2-
succinyl-6-hydroxy-2,4-cyclohexadiene-1-carboxylate synthase (EC 2.5.1.64),
adenosyl-chloride synthase (EC 2.5.1.94), aromatic-amino-acid transaminase (EC
2.6.1.57), valine-pyruvate transaminase (EC 2.6.1.66), putrescine-2-oxoglutarate
transaminase (EC 2.6.1.82), methionine transaminase (EC 2.6.1.88), glycerate 2-
kinase (EC 2.7.1.165), sulfofructose kinase (EC 2.7.1.184), phosphoribulokinase (EC
2.7.1.19), protein-Npi-phosphohistidine-N-acetylmuramate phosphotransferase (EC
2.7.1.192), protein-Npi-phosphohistidine-L-ascorbate phosphotransferase (EC
2.7.1.194), protein-Npi-phosphohistidine-D-mannitol phosphotransferase (EC
2.7.1.197), protein-Npi-phosphonhistidine-trehalose  phosphotransferase (EC
2.7.1.201), protein-Npi-phosphohistidine-D-fructose phosphotransferase (EC
2.7.1.202), L-fuculokinase (EC 2.7.1.51), L-xylulokinase (EC 2.7.1.53), 2-dehydro-3-
deoxygalactonokinase (EC 2.7.1.58), N-acylmannosamine kinase (EC 2.7.1.60),
inosine kinase (EC 2.7.1.73), pseudouridine kinase (EC 2.7.1.83), thiamine kinase
(EC 2.7.1.89), [Isocitrate dehydrogenase (NADP+)] kinase (EC 2.7.11.5), propionate
kinase (EC 2.7.2.15), ribose 1,5-bisphosphate phosphokinase (EC 2.7.4.23), Kdo2-
lipid A  phosphotransferase  (EC  2.7.4.29), nicotinamide-nucleotide
adenylyltransferase (EC 2.7.7.1), polynucleotide adenylyltransferase (EC 2.7.7.19),
(2,3-dihydroxybenzoyl)adenylate synthase (EC 2.7.7.58), citrate lyase holo-[acyl-
carrier protein] synthase (EC 2.7.7.61), sulfur carrier protein ThiS
adenylyltransferase (EC 2.7.7.73), molybdenum cofactor cytidylyltransferase (EC
2.1.7.76), phosphatidylglycerol-membrane-oligosaccharide
glycerophosphotransferase (EC 2.7.8.20), alpha-D-ribose 1-methylphosphonate 5-
triphosphate synthase (EC 2.7.8.37), Kdo2-lipid A phosphoethanolamine 7'-
transferase (EC 2.7.8.42), molybdopterin synthase (EC 2.8.1.12), 3-
mercaptopyruvate sulfurtransferase (EC 2.8.1.2), CoA:oxalate CoA-transferase
(EC 2.8.3.19), L-carnitine CoA-transferase (EC 2.8.3.21) enzymes classified under EC
2 are known as Transferases. Polypeptide N-acetylgalactosaminyltransferase isozymes
T1 and T2, which are enzymes like UDP-GalNAc, are important in the development of
colorectal cancer. Studies have demonstrated that the expression of these enzymes varies

between healthy tissues and cancerous tumors of the colorectal [253]. Moreover,
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alterations in mitochondrial lipid peroxides and enzymes that are antioxidants, such as
glutathione transferase, have been reported in colorectal adenocarcinoma tissues [254].
Carboxylesterase(EC 3.1.1.1), phospholipase AL1(EC 3.1.1.32), phospholipase
A2 (EC 3.1.1.4), carboxymethylenebutenolidase(EC 3.1.1.45), pimelyl-[acyl-carrier
protein] methyl ester esterase(EC 3.1.1.85), exodeoxyribonuclease (lambda-
induced)(EC 3.1.11.3), exodeoxyribonuclease V (EC 3.1.11.5), S-formylglutathione
hydrolase(EC 3.1.2.12), oleoyl-[acyl-carrier-protein] hydrolase(EC 3.1.2.14),
palmitoyl-CoA  hydrolase (EC 3.1.2.2), 1,4-dihydroxy-2-naphthoyl-CoA
hydrolase(EC 3.1.2.28), deoxyribonuclease I(EC 3.1.21.1), deoxyribonuclease V(EC
3.1.21.7), glucose-1-phosphatase (EC 3.1.3.10), trehalose-phosphatase(EC 3.1.3.12),
mannitol-1-phosphatase (EC 3.1.3.22), 4-phytase(EC 3.1.3.26), sorbitol-6-
phosphatase ( EC 3.1.3.50), 3'-nucleotidase(EC 3.1.3.6), pyridoxal phosphatase(EC
3.1.3.74), diacylglycerol diphosphate phosphatase(EC 3.1.3.81), D-glycero-beta-D-
manno-heptose 1,7-bisphosphate  7-phosphatase (EC  3.1.3.82), 5'-
deoxynucleotidase(EC 3.1.3.89), 3',5'-nucleoside bisphosphate phosphatase(EC
3.1.3.97), [acyl-carrier-protein] phosphodiesterase(EC 3.1.4.14 ), 3'5'-cyclic-
nucleotide phosphodiesterase(EC 3.1.4.17), phosphoribosyl 1,2-cyclic phosphate
phosphodiesterase(EC ~ 3.1.4.55), limit dextrin  alpha-1,6-maltotetraose-
hydrolase(EC  3.2.1.196), sulfoquinovosidase(EC  3.2.1.199), alpha,alpha-
trehalase(EC 3.2.1.28), double-stranded uracil-DNA glycosylase(EC 3.2.2.28),
isochorismatase (EC 3.3.2.1), leucyl aminopeptidase(EC 3.4.11.1),PepB
aminopeptidase (EC 3.4.11.23), dipeptidase E(EC 3.4.13.21), beta-aspartyl-
peptidase(EC 3.4.19.5), pitrilysin (EC 3.4.24.55), oligopeptidase A (EC 3.4.24.70),
HslU-HsIV peptidase(EC 3.4.25.2), chitin disaccharide deacetylase (EC 3.5.1.105),
ureidoacrylate amidohydrolase (EC 3.5.1.110), Glutathionylspermidine amidase
(EC 3.5.1.78), succinylglutamate desuccinylase (EC 3.5.1.96), N-succinylarginine
dihydrolase (EC 3.5.3.23), (S)-ureidoglycine aminohydrolase (EC 3.5.3.26), dCTP
deaminase (EC 3.5.4.13), adenosine deaminase (EC 3.5.4.4), N-isopropylammelide
isopropylaminohydrolase (EC 3.5.4.42), dCTP diphosphatase (EC 3.6.1.12),
triphosphatase (EC 3.6.1.25), CDP-diacylglycerol diphosphatase (EC 3.6.1.26),
UDP-sugar diphosphatase (EC 3.6.1.45), (d)CTP diphosphatase (EC 3.6.1.65),
dihydroneopterin  triphosphate diphosphatase (EC 3.6.1.67), nucleotide
diphosphatase (EC 3.6.1.9), maltose-transporting ATPase (EC 3.6.3.19),
phosphoribosyl 1,2-cyclic phosphate phosphodiesterase (EC 3.1.4.55), limit dextrin
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alpha-1,6-maltotetraose-hydrolase (EC 3.2.1.196), sulfoquinovosidase (EC
3.2.1.199), alpha,alpha-trehalase (EC 3.2.1.28), double-stranded uracil-DNA
glycosylase (EC 3.2.2.28), isochorismatase (EC 3.3.2.1), leucyl aminopeptidase
(EC 3.4.11.1), PepB aminopeptidase (EC 3.4.11.23), dipeptidase E (EC 3.4.13.21),
beta-aspartyl-peptidase (EC 3.4.19.5), pitrilysin (EC 3.4.24.55), oligopeptidase A
(EC 3.4.24.70), HslU-HslV peptidase (EC 3.4.25.2), chitin disaccharide deacetylase
(EC 3.5.1.105), ureidoacrylate amidohydrolase (EC 3.5.1.110),
Glutathionylspermidine amidase (EC 3.5.1.78), succinylglutamate desuccinylase
(EC 3.5.1.96), N-succinylarginine dihydrolase (EC 3.5.3.23), (S)-ureidoglycine
aminohydrolase (EC 3.5.3.26), dCTP deaminase (EC 3.5.4.13), adenosine deaminase
(EC 3.5.4.4), N-isopropylammelide isopropylaminohydrolase (EC 3.5.4.42), dCTP
diphosphatase (EC 3.6.1.12), triphosphatase (EC 3.6.1.25), CDP-diacylglycerol
diphosphatase (EC 3.6.1.26), UDP-sugar diphosphatase (EC 3.6.1.45), (d)CTP
diphosphatase (EC 3.6.1.65), dihydroneopterin triphosphate diphosphatase (EC
3.6.1.67), nucleotide diphosphatase (EC 3.6.1.9), maltose-transporting ATPase (EC
3.6.3.19), Mg2+-importing ATPase (EC 3.6.3.2), vitamin B12-transporting ATPase
(EC 3.6.3.33), 4-chlorobenzoyl-CoA dehalogenase (EC 3.8.1.7) enzymes classified
under EC 3 are known as Hydrolases. The pathophysiology of carcinoma of the colon is
significantly afflicted by hydrolases. Epoxide hydrolases, like microsomal epoxide
hydrolase (mEH), have been linked to a higher chance of cancer of the gastrointestinal
tract [255]. Moreover, the role of hydrolases extends to the molecular level, where
ubiquitin carboxyl-terminal hydrolase L1 (UCHL1) has been investigated in
nasopharyngeal carcinoma [256]. In colorectal cancer, mono-ADP-ribosylhydrolase
locus deletions have been found to impair PARP1 transferase activity [257]. Additionally,
significant differential expression of epoxide hydrolase 4 (EPHX4) has been observed in
colorectal tumors [258]. Furthermore, the study of endocannabinoids and ceramides in
colorectal cancer tissues has highlighted alterations in these molecules and their metabolic
enzymes [259]. In conclusion, hydrolases, including epoxide hydrolases and other related
enzymes, contribute key functions in the appearance and growth of carcinoma of the
colon.

Oxaloacetate decarboxylase (EC 4.1.1.112), ornithine decarboxylase (EC
4.1.1.17), lysine decarboxylase (EC 4.1.1.18), tartronate-semialdehyde synthase (EC
4.1.1.47), 3-dehydro-L-gulonate-6-phosphate decarboxylase (EC 4.1.1.85), 2-
dehydro-3-deoxyglucarate aldolase (EC 4.1.2.20), 2-dehydro-3-deoxy-6-
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phosphogalactonate aldolase (EC 4.1.2.21), 4-hydroxy-2-oxoheptanedioate aldolase
(EC 4.1.2.52), 2-keto-3-deoxy-L-rhamnonate aldolase (EC 4.1.2.53), isocitrate lyase
(EC 4.1.3.1), 4-hydroxy-4-methyl-2-oxoglutarate aldolase (EC 4.1.3.17), chorismate
lyase (EC 4.1.3.40), tryptophanase (EC 4.1.99.1), deoxyribodipyrimidine photo-lyase
(EC 4.1.99.3), cyanase (EC 4.2.1.104), phosphogluconate dehydratase (EC 4.2.1.12),
glucarate dehydratase (EC 4.2.1.40), galactonate dehydratase (EC 4.2.1.6), altronate
dehydratase (EC 4.2.1.7), pseudouridylate synthase (EC 4.2.1.70),
uroporphyrinogen-111 synthase (EC 4.2.1.75), 2-methylcitrate dehydratase (EC
4.2.1.79), L-rhamnonate dehydratase (EC 4.2.1.90), D-Serine ammonia-lyase (EC
4.3.1.18), glutathione-specific gamma-glutamylcyclotransferase (EC 4.3.2.7),
cysteine-S-conjugate beta-lyase (EC 4.4.1.13) and D-cysteine desulfhydrase (EC
4.4.1.15) enzymes classified under EC 4 are known as Lyases. Lyases crucial in cancer
biology, especially regarding the use of enzyme inhibitors targeting key lyases involved
in cancer progression. For instance, S1P lyase mRNA expression reduction has been
observed in intestinal cancer and metastatic tumors, indicating its potential involvement
in cancer development [260]. Colorectal cancer is a multifaceted disease driven by
various molecular mechanisms. One crucial enzyme involved in cancer progression is
S1P lyase, which influences cancer cell proliferation and invasion [261]. Furthermore, it
has been discovered that ATP citrate lyase (ACLY) is a crucial metabolic enzyme that is
increased in tumor cells, especially carcinoma of the colorectal, where it is essential to
the cells' proliferation [262].

ADP-glyceromanno-heptose 6-epimerase (EC 5.1.3.20), L-fucose mutarotase
(EC 5.1.3.29), Hydroxypyruvate isomerase (EC 5.3.1.22), D-sedoheptulose 7-
phosphate isomerase (EC 5.3.1.28), sulfoquinovose isomerase (EC 5.3.1.31),
oxaloacetate tautomerase (EC 5.3.2.2), trans-2-decenoyl-[acyl-carrier protein]
isomerase (EC 5.3.3.14), 16S rRNA pseudouridine516 synthase (EC 5.4.99.19), 23S
rRNA pseudouridine2457 synthase (EC 5.4.99.20), 23S rRNA pseudouridine2604
synthase (EC 5.4.99.21), 23S rRNA pseudouridine2605 synthase (EC 5.4.99.22),
tRNA pseudouridinel3 synthase (EC 5.4.99.27), tRNA pseudouridine32 synthase
(EC 5.4.99.28), 23S rRNA pseudouridine746 synthase (EC 5.4.99.29) enzymes
classified under EC 5 are known as Isomerases. Since they are in charge of several paths
and procedures linked to carcinogenesis and growth of cancer, isomerases are important
players in colorectal cancer. For instance, ribose-5-phosphate isomerase A (RPIA) has

been shown to regulate cancer growth and tumorigenesis [263]. Modifications in
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complementary polyadenylation (APA) patterns have been reported in the development
of colorectal cancer, impacting genes such as peptidylpropyl isomerase E (PPIE) [264]
and cyclophilin A [265]. These changes in APA patterns are indicative of the dynamic
gene regulation processes occurring during different stages of cancer progression [266].
Overall, by affecting several cellular processes and pathways involved in carcinogenesis
and cancer progression, isomerases including ribose-5-phosphate isomerase A, peptidyl-
prolyl isomerases, and protein disulfide isomerases perform vital roles in cancer of the
gastrointestinal tract. Targeting these isomerases could be one of the therapeutic strategies
used to treat carcinoma of the colorectal.

Acetate-CoA ligase (EC 6.2.1.1), propionate-CoA ligase (EC 6.2.1.17), O-
succinylbenzoate-CoA ligase (EC 6.2.1.26), 4-chlorobenzoate-CoA ligase (EC
6.2.1.33), carnitine-CoA ligase (EC 6.2.1.48), glutamate-putrescine ligase (EC
6.3.1.11), RNA 3'-terminal-phosphate cyclase (ATP) (EC 6.5.1.4) enzymes classified
under EC 6 are known as Ligases. Ligases have been discovered to have a substantial
impact on the occurrence and dissemination of colorectal cancer especially E3 ubiquitin
ligases. The pathogenesis of CRC involves a complex interplay of genetic alterations,
including somatic mutations, abnormal gene expression, and epigenetic changes, which
can lead to dysregulation of E3 ligases [267]. Studies have highlighted the role of specific
E3 ligases in CRC.

Ubiquinol oxidase (H+-transporting) (EC 7.1.1.3), quinol oxidase (electrogenic,
proton-motive force generating) (EC 7.1.1.7), ABC-type polar-amino-acid
transporter (EC 7.4.2.1), ABC-type maltose transporter (EC 7.5.2.1), ABC-type
xenobiotic transporter (EC 7.6.2.2), ABC-type heme transporter (EC 7.6.2.5)
enzymes classified under EC 7 are known as Translocases. Translocases play a crucial
role in the emergence and dissemination of colorectal cancer. According to studies, the
overexpression of the fatty acid translocase CD36 increases MMP28 and decreases E-
Cadherin expression, hence promoting colorectal cancer metastasis. Additionally,
increased CD36 overexpression has been linked to a higher potential for metastasis in
colorectal cancer cells [268]. Moreover, mitochondrial translocases have also been
implicated in colorectal cancer [269]. In conclusion, translocases, including fatty acid
translocases and mitochondrial translocases, play crucial roles in colorectal cancer
progression, metastasis, and maintenance of mitochondrial function.

Together with the previously described enzymes, Escherichia coli has been

identified as a possible indicator for colorectal cancer.
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Faecalibacterium prausnitzii is an important component of the gut microbiota,
has been extensively researched for its potential role in various health conditions,
including colorectal cancer. Research has indicated that an unbalanced gut microbiome,
characterized by a low abundance of Faecalibacterium prausnitzii, may be involved in
intestinal inflammatory reactions that result in intestinal illnesses [270].

Gluconate 5-dehydrogenase (EC 1.1.1.69) enzyme is a subgroup of NAD+ or
NADP+ as acceptors. The effect of NAD+ and NADP+ in colorectal cancer is mentioned
above.

Glutamate synthase (NADH) (EC 1.4.1.14) serves a vital role in the metabolism
of amino acids, particularly in the assimilation of nitrogen. Research has shown that
glutamate synthase exhibits tissue-specific distribution patterns and controlled by
mechanisms that detect light and metabolites [271]. Within the realm of colorectal cancer,
the production of glutamate synthase and related enzymes has been linked to cancer
progression. For instance, elevated levels of a relevant enzyme called mPGES-1 have
been linked to a poorer outcome in later stages of colorectal cancer, suggesting a major
involvement in the progression of the disease [272]. In summary, the intricate interplay
between enzymes like glutamate synthase, fatty acid synthase, and mPGES-1, along with
the modulation of ATP synthase activity and other molecular factors, contributes to the
complex landscape of colorectal cancer progression.

rRNA (guanine-N1-)-methyltransferase (EC 2.1.1.51) enzyme is categorized as
methyltransferases fall under EC 2.1.1. The effect of Methyltransferases in colorectal
cancer is mentioned above.

1,3-beta-galactosyl-N-acetylhexosamine phosphorylase (EC 2.4.1.211) enzyme
classified under EC 2.4 are known as Glycosyltransferases. The effect of
Glycosyltransferases in colorectal cancer is mentioned above.

3-hydroxybutyryl-CoA dehydratase (EC 4.2.1.55) plays a key role in converting
3-hydroxybutyryl-CoA to crotonyl-CoA, which is a crucial step in specific autotrophic
carbon fixation pathways [273]. Studies have indicated that 4-hydroxybutyryl-CoA
dehydratases, which are closely related to 3-hydroxybutyryl-CoA dehydratase, are
sensitive to oxygen [274]. This oxygen sensitivity is significant in understanding the
enzyme's function in aerobic environments such as cancer tissues. Involvement of 3-
hydroxybutyryl-CoA dehydratase in colorectal cancer may be linked to its oxygen

sensitivity, stereochemical specificity, and unique structural features.
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Cystathionine gamma-lyase (EC 4.4.1.1) is a substantial enzyme responsible for
the production of hydrogen sulfide (H2S) in various tissues [275]. To the best of my
knowledge, and after a thorough investigation of the available literature, no studies have
directly addressed the direct impact of Cystathionine gamma-lyase on colorectal cancer.

Precorrin-8X methylmutase (EC 5.4.1.2) also known as CobH, is essential in the
biosynthesis of vitamin B12 [377]. Biochemical pathways, especially those connected to

cancer of the gastrointestinal tract, have been related to vitamin B12.

Together with the previously mentioned enzymes, Faecalibacterium
prausnitzii has been found as an intriguing biomarker for colorectal cancer.

Prevotella copri is a bacterium in the intestinal tract of humans has been connected
to a range of health issues. Studies have identified Prevotella copri as a potential
biomarker for colorectal cancer [276].

Malate dehydrogenase (oxaloacetate-decarboxylating) (NADP+) (EC 1.1.1.40)
enzyme is a subgroup of NAD+ or NADP+ as acceptors. The effect of NAD+ and NADP+
in colorectal cancer is mentioned above.

Glutamate synthase (ferredoxin) (EC 1.4.7.1) is a key player in colorectal cancer,
influencing treatment response, prognosis, and cell fate decisions through its involvement
in p53-dependent pathways and apoptosis. Research has demonstrated that ferredoxin
reductase is linked to p53-dependent apoptosis in colorectal cancer, especially in those
receiving therapy with 5-fluorouracil. [277].

Saccharopine dehydrogenase (NAD+, L-lysine-forming) (EC 1.5.1.7) enzyme is
a subgroup of NAD+ or NADP+ as acceptors. The effect of NAD+ and NADP+ in
colorectal cancer is mentioned above.

Thymidylate synthase (FAD) (EC 2.1.1.148) enzyme classified under EC 2.1.1
are known as Methyltransferases. The effect of Methyltransferases in colorectal cancer is
mentioned above.

4-O-beta-D-mannosyl-D-glucose  phosphorylase (EC 2.4.1.281) and
decaprenyl-phosphate phosphoribosyltransferase (EC 2.4.2.45) enzymes classified
under EC 2.4 are known as Glycosyltransferases. The effect of Glycosyltransferases in
colorectal cancer is mentioned above.

Prolyl aminopeptidase (EC 3.4.11.5) is an enzyme significantly involved in

numerous cancers, encompassing colorectal carcinoma. Research has demonstrated a
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connection between aminopeptidases, such as PAP, and the construction
and dissemination of tumors [278].

ADP-ribose diphosphatase (EC 3.6.1.13), Poly(ADP-ribose) polymerase
(PARP) enzymes, specifically PARP1, have emerged as significant targets in cancer
therapy, including colorectal cancer. PARP inhibitors have shown promise in preclinical
trials, indicating their potential in cancer treatment [279].

Ca2+-transporting ATPase (EC 3.6.3.8) and their activity alterations have been
connected to gastrointestinal cancer growth. Research has revealed that in cancer tissues,
the activity of Ca2+ ATPase of the plasma membrane tends to be higher compared to
controls [168].

Pyridoxal 5'-phosphate synthase (glutamine hydrolysing) (EC 4.3.3.6) has a
major effect on the occurrence of colorectal carcinoma [280]. Furthermore, glutamine has
been found to induce remodeling of tight junctions in CRC cells, impacting epithelial
integrity [281].

Inositol-3-phosphate synthase (EC 5.5.1.4) enzyme classified under EC 5 are
known as Isomerases. The effect of Isomerases in colorectal cancer is mentioned above.

Pyrroline-5-carboxylate reductase (EC 1.5.1.2) enzyme is a subgroup of NAD+
or NADP+ as acceptors. The effect of NAD+ and NADP+ in colorectal cancer is
mentioned above.

In addition to the previously mentioned enzymes, prevotella copri has been
found as a promising biomarker for colorectal cancer.

Flavonifractor plautii has been highlighted in multiple studies as an important
bacterium linked to colorectal cancer. [50, 340]. Patients with colorectal cancer have
reportedly shown it to be enhanced suggesting a possible role in the onset of the illness
[282].

2-enoate reductase (EC 1.3.1.31) and L-erythro-3,5-diaminohexanoate
dehydrogenase (EC 1.4.1.11) enzymes is a subgroup of NAD+ or NADP+ as acceptors.
The effect of NAD+ and NADP+ in colorectal cancer is mentioned above.

Hydroxydechloroatrazine ethylaminohydrolase (EC 3.5.99.3) enzyme is
classified under EC 3 are known as Hydrolases. The effect of Hydrolases in colorectal
cancer is mentioned above.

Enoyl-CoA hydratase 2 (EC 4.2.1.119) enzyme is classified under EC 4 are

known as Lyases. The effect of Lyases in colorectal cancer is mentioned above.
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Flavonifractor plautii, along with the presence of 2-enoate reductase ( EC
1.3.1.31) and L-erythro-3,5-diaminohexanoate dehydrogenase (EC 1.4.1.11),
hydroxydechloroatrazine ethylaminohydrolase (EC 3.5.99.3) and enoyl-CoA
hydratase 2 enzymes (EC 4.2.1.119) has been identified as a prospective colorectal

cancer biological indicator.

Streptococcus salivarius, a member of the salivarius group of viridans
streptococci, has been extensively studied for its beneficial properties. Research has
shown that S. salivarius exhibits anti-inflammatory effects in various contexts [283]. To
the best of my knowledge, and after a thorough investigation of the available literature,
no studies have directly addressed the direct impact of Streptococcus salivarius on
colorectal cancer.

Acetoacetyl-CoA reductase (EC 1.1.1.36) enzyme is a subgroup of NAD+ or
NADP+ as acceptors. The effect of NAD+ and NADP+ in colorectal cancer is mentioned
above.

Phosphate acyltransferase (EC 2.3.1.274), UDP-N-
acetylmuramoylpentapeptide-lysine  N6-alanyltransferase (EC 2.3.2.10) and
phosphomevalonate kinase (EC 2.7.4.2) enzymes classified under EC 2 are known as
Transferases. The effect of Transferases in colorectal cancer is mentioned above.

Levansucrase (EC 2.4.1.10) and dextransucrase (EC 2.4.1.5) enzymes classified
under EC 2.4 are known as Glycosyltransferases. The effect of Glycosyltransferases in
colorectal cancer is mentioned above.

Dextranase (EC 3.2.1.11) and O-sialoglycoprotein endopeptidase (EC
3.4.24.57) enzymes classified under EC 3 are known as Hydrolases. The effect of
Hydrolases in colorectal cancer is mentioned above.

UDP-N-acetylmuramoyl-L-alanyl-D-glutamate-L-lysine ligase (EC 6.3.2.7) is
also referred to MurD. To the best of my knowledge, and after a thorough investigation
of the available literature, no studies have directly addressed the direct impact of this
enzyme on colorectal cancer.

Streptococcus salivarius has been identified as a possible biomarker for

colorectal cancer along with the previously described enzymes.
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Chapter 6

Conclusions and Future Prospects

6.1 Conclusions

In conclusion, this thesis has successfully employed advanced bioinformatics and
machine learning techniques to identify specific microorganism-enzyme pairs in the
human gut microbiota that are associated with colorectal cancer (CRC). Through
meticulous data analysis and the integration of taxonomic and functional profiling, we
have unveiled distinctive microbial signatures and enzyme clusters, pinpointing their
potential as non-invasive biomarkers for early detection and prognosis of CRC. Our
findings not only shed light on the complex interplay between the gut microbiota and
colorectal cancer but also highlight the potential of these identified biomarkers in
revolutionizing the diagnostic and therapeutic landscapes of CRC. By providing a novel
perspective on the microbial and enzymatic underpinnings of CRC, this research
contributes significantly to the burgeoning field of personalized medicine, paving the way
for targeted interventions and improved clinical outcomes. Future research should focus
on validating these biomarkers in larger cohort studies and exploring their mechanistic
roles in the pathogenesis of CRC. Additionally, the exploration of the gut microbiota's
dynamic nature and its interaction with host physiology could further unravel the
multifaceted contributions to colorectal carcinogenesis. This thesis underscores the power
of integrating bioinformatics and machine learning in biomedical research, offering new

avenues for understanding and combating complex diseases like colorectal cancer.
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6.2 Societal Impact and Contribution to Global

Sustainability

The societal impact of this thesis on identifying microorganism-enzyme pairs
associated with colorectal cancer (CRC) extends beyond the scientific community,
touching various facets of public health, healthcare economics, and global sustainability.
The early detection and accurate diagnosis of CRC facilitated by the biomarkers identified
in this study could lead to significant improvements in patient outcomes and healthcare
cost reductions.

Firstly, the global burden of CRC, one of the leading causes of cancer-related
mortality worldwide, necessitates innovative approaches to its diagnosis and treatment.
By pinpointing specific biomarkers within the human gut microbiota, this research
contributes to a deeper understanding of CRC pathogenesis, enabling the development of
non-invasive, early detection methods. Such advancements can significantly reduce the
mortality rate of CRC through timely and effective treatment, enhancing patient survival
and quality of life.

Secondly, from a healthcare economics perspective, the early detection of CRC
through non-invasive means can lead to considerable cost savings. It reduces the need for
extensive and expensive late-stage treatments, such as surgery and chemotherapy, which
are often required when the disease is diagnosed at advanced stages. These savings can
be redirected to other critical healthcare needs, contributing to a more sustainable

healthcare system.

Furthermore, this research aligns with global sustainability goals by promoting
health and well-being (Sustainable Development Goal 3). By advancing our
understanding of the gut microbiome’s role in cancer and leveraging this knowledge for
early diagnosis, this study contributes to the broader goal of ensuring healthy lives and

promoting well-being for all ages.

Moreover, the interdisciplinary approach of this thesis, integrating bioinformatics

and machine learning, sets a precedent for future research in precision medicine. It

70



emphasizes the importance of harnessing technological advancements in addressing
global health challenges, fostering innovation, and contributing to sustainable healthcare

solutions.

In conclusion, the societal impact and contribution to global sustainability of this
thesis are profound. It not only paves the way for improved clinical practices and
healthcare outcomes in CRC but also exemplifies the critical role of scientific research in
advancing global health and sustainability agendas. Through innovative methodologies
and cross-disciplinary collaborations, this research underscores the potential of
bioinformatics and machine learning to contribute to a more sustainable and healthier

future.

6.3 Future Prospects

Building on the findings of this thesis, the clinical validation of identified
microorganism-enzyme pairs as biomarkers for colorectal cancer (CRC) represents an
immediate and critical next step. Large-scale studies are necessary to verify these
biomarkers' diagnostic and prognostic significance, potentially leading to non-invasive
screening tests that can transform early detection and personalized treatment strategies
for CRC. Moreover, understanding the mechanisms underlying these microorganism-
enzyme interactions in CRC progression is crucial. Future research should delve into the
biological pathways and interactions, using in vitro and in vivo models to elucidate their
functional roles and impact on disease dynamics, which may uncover novel therapeutic

targets.

The methodologies and insights from this study also hold promise for broader
applications beyond CRC, including investigations into the microbiome’s role in other
diseases. This could lead to a more comprehensive understanding of the microbiome’s
influence on human health across various conditions, including other forms of cancer,
inflammatory diseases, and metabolic disorders. Integrating metagenomic data with other
omics disciplines—such as genomics, proteomics, and metabolomics—can provide a
holistic view of disease mechanisms, enhancing our understanding of the complex

interplay between the microbiome and human health.
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In the realm of personalized medicine, the identified biomarkers have the potential
to tailor therapeutic strategies to individual microbiome profiles, leading to personalized
treatment plans. This could eventually extend to therapeutic interventions, such as
modifying the gut microbiota through probiotics, prebiotics, or microbiota transplants,
offering innovative treatment modalities for CRC. Additionally, the global prevalence of
CRC necessitates research that accommodates population diversity in gut microbiota
composition, aiming for diagnostic and therapeutic strategies that are applicable

universally, thereby addressing a significant public health concern worldwide.

The advancement in bioinformatics tools and machine learning models is pivotal
for the future of microbiome research, enabling the analysis of complex data sets and
enhancing the predictive power of computational models. This technological progress
will undoubtedly catalyze further discoveries and innovations in understanding and
treating CRC and other microbiome-related conditions, marking a significant stride
towards the era of data-driven, personalized healthcare.
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