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ARTICLE INFO ABSTRACT

Keywords: Colorectal cancer (CRC) ranks as the third most common cancer globally and the second leading cause of cancer-
Colorectal cancer related deaths. Recent research highlights the pivotal role of the gut microbiota in CRC development and pro-
Machine learning gression. Understanding the complex interplay between disease development and metagenomic data is essential
zwmarkers for CRC diagnosis and treatment. Current computational models employ machine learning to identify meta-
P:tz}}l’;]n:y genomic biomarkers associated with CRC, yet there is a need to improve their accuracy through a holistic bio-
Species logical knowledge perspective. This study aims to evaluate CRC-associated metagenomic data at species,
Microbiome enzymes, and pathway levels via conducting global and population-specific analyses. These analyses utilize
Metagenomic relative abundance values from human gut microbiome sequencing data and robust classification models are

built for disease prediction and biomarker identification. For global CRC prediction and biomarker identification,
the features that are identified by SelectKBest (SKB), Information Gain (IG), and Extreme Gradient Boosting
(XGBoost) methods are combined. Population-based analysis includes within-population, leave-one-dataset-out
(LODO) and cross-population approaches. Four classification algorithms are employed for CRC classification.
Random Forest achieved an AUC of 0.83 for species data, 0.78 for enzyme data and 0.76 for pathway data
globally. On the global scale, potential taxonomic biomarkers include ruthenibacterium lactatiformanas; enzyme
biomarkers include RNA 2' 3’ cyclic 3' phosphodiesterase; and pathway biomarkers include pyruvate fermenta-
tion to acetone pathway. This study underscores the potential of machine learning models trained on meta-
genomic data for improved disease prediction and biomarker discovery. The proposed model and associated files
are available at https://github.com/TemizMus/CCPRED.

1. Introduction

Cancer remains as an important global health problem and one of the
leading causes of preventable death worldwide. Its prevalence is char-
acterized by high mortality rate that continues to rise exponentially,
largely due to the factors such as population aging and environmental
factors [1]. In particular, colorectal cancer (CRC) is the third most
common cancer worldwide [2]. The complicated interplay between
epigenetic, genetic, and environmental factors plays an important role in
the development of CRC [3]. Remarkably, CRC is reported to have the
fastest growth among all cancers worldwide, with 4.7 million cases ex-
pected by 2070 [4]. Furthermore, this malignancy accounts for
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approximately 10 % of all newly diagnosed cancers. Early detection of
CRC has been shown to increase the 5-year relative survival rate by
nearly 90 %, providing the impetus for increased research efforts to
understand and combat this disease [5].

Given the close relationship between the human gut microbiome and
the incidence of CRC, it is increasingly proposed to use the data resulting
from the investigation of the gut microbiome as a diagnostic tool for
colorectal cancer. Using multi-omics profiling and integrated ap-
proaches, it has been shown that CRC-related microbial taxa, metabo-
lites, and changes in DNA methylation-related gene expression can serve
as detectable biomarkers in multiple dimensions (Y. [6,7]). This
multi-faceted approach exploits the dynamic interplay between the

Received 20 April 2024; Received in revised form 29 August 2024; Accepted 31 August 2024

Available online 17 September 2024

0010-4825/© 2024 Elsevier Ltd. All rights are reserved, including those for text and data mining, Al training, and similar technologies.


https://github.com/TemizMus/CCPRED
mailto:mustafa.temiz@agu.edu.tr
www.sciencedirect.com/science/journal/00104825
https://www.elsevier.com/locate/compbiomed
https://doi.org/10.1016/j.compbiomed.2024.109098
https://doi.org/10.1016/j.compbiomed.2024.109098
http://crossmark.crossref.org/dialog/?doi=10.1016/j.compbiomed.2024.109098&domain=pdf

B. Bakir-Gungor et al.

human gut microbiome-comprising the collective genomes of the mi-
crobial community in our gastrointestinal tract-and various human
"-omes.” Therefore, the study of the human gut microbiome in people
suffering from CRC is an extremely important area where intensive
research is conducted.

Recently, a growing number of studies [8-10] (H. [11,12]) (F.
[13-16]) have eagerly attempted to establish a link between the gut
microbiota and colorectal cancer (CRC). These studies have provided
compelling evidence of significant and notable changes in the micro-
biota of individuals suffering from colorectal cancer [1,4]. While these
studies have underscored the central role of the gut microbiota in the
pathophysiology of CRC, it is worth noting that the field is still in its
early stages before it comes a fully established science. Different clas-
sification criteria and methods used in previous research studies have
made the identification of key species involved in the development and
progression of CRC somewhat challenging [17,18]. Given the
complexity of metagenomic studies, the application of machine learning
techniques has become increasingly important in this field, offering the
possibility of answering a wide range of questions. In this context, the
idea of finding taxonomic biomarkers for diseases by correlating the
microbiome with disease states through taxonomically informed feature
selection has been developed [19]. In a study conducted by Bose et al.
[20], the researchers used data from different populations spanning four
different regions—Argentina, Chile, Vietnam, and India. They used
taxonomic microbiome data analyzed at the genus level and focused
primarily on examining the microbiomes that exert significant influence
in the Indian population. Their findings highlighted the prominent role
of the Prevotella in colorectal cancer in the Indian population. Their
machine learning model obtained a high Area Under the Curve (AUC)
value of 86 % using the Random Forest classifier. This high AUC value
indicates the success of their model in discriminating between positive
and negative cases and demonstrates the effectiveness of the developed
model in predicting CRC based on the analyzed microbiome data. A high
AUC value also indicates that the model has a good balance between
sensitivity and specificity, which is critical for accurate disease predic-
tion. In addition, Bose et al. underscored the existence of a global CRC
microbiome and pointed out that certain observations from their study
are consistent with the findings from other studies in various regions. To
this end, they emphasize that there may be common characteristics and
microbial influences in colorectal cancer development and progression
that transcend geographic boundaries and are important on a global
scale. Zhen et al. conducted an in-depth study involving CRC patients
and controls from diverse populations [21]. In their comprehensive re-
view article, they meticulously examined the results from an extensive
pool of 700 different studies. Through this exhaustive analysis, they
brought to light the importance of Fusobacterium nucleatum in the
context of CRC. This highlights the importance of this particular
microorganism in the landscape of CRC research and its potential as a
biomarker or target for further investigation and therapeutic interven-
tion. Yu et al. conducted a thorough population survey on CRC that
included diverse populations from various countries [22]. In their
comprehensive review of 5696 different studies, they reported impor-
tant insights into the microbiome associated with CRC and they iden-
tified numerous influential factors that contribute to the development
and progression of this disease. Their comprehensive research sheds
light on the complex interplay of factors and microbial communities
involved in CRC and contributes significantly to the understanding of
this disease.

Several studies have attempted to explore the composition and
functionality of the gut microbiome in the context of CRC, but a
comprehensive study of the gut microbiome in CRC patients has yet to
be conducted. The present study attempts to close this gap by developing
a robust classification model that facilitates the diagnosis of colorectal
cancer. This can be accomplished by carefully analyzing a variety of
CRC-related metagenomics datasets using a spectrum of feature selec-
tion techniques and machine learning methods. The objectives of the
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present study include the identification of biomarkers associated with
CRC at the species level, as well as at the enzyme and pathway levels that
influence host metabolism. The aim of the present study is to identify the
most informative features for optimal CRC classification with a reduced
feature set containing data on species, enzymes and pathways, leading to
better classification results. Essentially, another goal is to develop a
classification model that can perform best even with fewer features. To
accomplish this, utilization of a dataset comprising metagenomic in-
formation from 9 different datasets, encompassing case and control
groups from 8 diverse populations, is employed. Relative abundance
values of the species, enzymes, and pathways are obtained from the
same samples and presented as three different datasets. These three
datasets are created both on the global scale and in a population-specific
manner. In the present study, emphasis is placed on the utilization of
feature selection algorithms to optimize feature sets, thereby achieving
more accurate classification using fewer features. The performances of
the models that use the union and the intersection of the features that
are selected by different feature selection algorithms are investigated.
Based on the superior performance of the union features that are
selected by different feature selection methods, the union features are
reranked by rescaling their importance value for each population and
calculating the median of these values to produce a final ranking. Based
on this ranking, top 20features are highlighted as potential biomarkers,
and the top 5 features are biologically validated via conducting a liter-
ature search. Furthermore, the present study aims to identify
population-specific CRC metagenomic biomarkers by developing
population-specific models. In order to identify CRC associated taxo-
nomic biomarkers, enzymes, and pathways that are specific to different
populations, population-specific metagenomic datasets are utilized. In
order to evaluate the performance of these models, within-population,
leave-one-dataset-out (LODO) and cross-population analyses are
conducted.

The rest of this manuscript is organized as follows. The Materials and
Methods sections present the details of the CRC-associated metagenomic
dataset and our methodology. The Results section presents our findings.
In the Discussion section, the effective species, enzymes, and pathways
for CRC identified by the proposed method are biologically validated by
literature studies. The Conclusions section evaluates the findings, and
the implications of the research are summarized. In addition, possible
directions for future research are discussed in light of the current find-
ings. This section highlights both the general contributions of the study
and provides suggestions for future studies in this field.

2. Materials and methods
2.1. Dataset

Beghini et al. (2021) compiled a total of 1262 metagenomic samples
(662 controls and 600 CRC patients) at different molecular levels (spe-
cies, enzymes and pathways) from nine different BioProject datasets
(PRJEB7774, PRJNAS531273, PRJINA447983, PRJDB4176,
PRJEB12449, PRJEB27928, PRJDB4176, PRJEB10878 and PRJEB6070)
[23]In the original study, the raw microbiome DNA of each sample was
downloaded from the respective project site and MetaPhlAn [24] and
HUMANN [23] were used to calculate the relative abundance values of
all subgroups of each dataset. To ensure data quality, they applied
quality filtering to meet the standards outlined in the Human Micro-
biome Project Consortium SOP, as referenced in (Thomas et al., 2019).
The CRC-associated metagenomics dataset used in the present study
includes the relative abundance values of 917 different species, 2895
different enzymes, and 551 different pathways calculated for 1262
samples from nine different datasets. The distribution of data by popu-
lation, the number of patients (CRC) and healthy samples in each pop-
ulation, the number of male and female samples, the minimum age,
maximum age and mean age, and the minimum and maximum body
mass index (BMI) values are shown in Table 1.
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Table 1
Distribution of data by populations and the numbers of samples in each
population.

Name of # of # of # of Male/ min min
population Samples  CRC Healthy Female age/ BMI/
Samples samples max max
age/ BMI
mean
age
Austria 107 46 61 64/43 43/ 17.99/
(AUT) 86/ 34.14
67,01
China 128 75 53 81/47 34/ 17.10/
(CHN) 89/ 35.10
64,23
Germany 125 60 65 73/52 28/ 13.30/
(DEU) 90/ 35.80
59,56
France 114 53 61 57/57 25/ 15.00/
(FRA) 87/ 40.00
63,47
Indian 60 30 30 30/30 22/ 17.69/
(IND) 75/ 36.40
50,65
Italy (ITA) 106 57 49 72/34 57/ 19.71/
84/ 38.53
63,07
Japan (JP) 80 40 40 45/35 28/ 17.34/
78/ 28.38
61,13
Japan 438 187 251 253/ 21/ 16.14/
(JPN) 185 79/ 39.32
61,33
United 104 52 52 74/30 31/ 17.43/
State of 85/ 35.18
America 61,53

(UsA)

Note: The population of Japan is listed twice in this table. These are data for
different regions of the same population (Japan), which are represented by
different abbreviations (JP and JPN).

2.2. Proposed method

The proposed method involves a combination of computational an-
alyses and advanced machine learning techniques with the following
main objectives: (i) by applying well-known feature selection algorithms
to metagenomic data globally, developing a robust CRC prediction
model is aimed; (ii) analyzing the effect of the identified features on
each population is aimed; (iii) Another objective is attaining a rigorous
evaluation of the classification model developed at the global/
population-specific scale, having the potential to improve the accuracy
and effectiveness of CRC diagnosis globally and in population specific
manner; (iv) The final aim is to identify global and population-specific
metagenomic biomarkers across different molecular levels, including
species, enzymes, and pathways. The performance of these biomarkers is
systematically assessed using machine learning techniques, providing
insight into their diagnostic potential.

To this end, firstly, all features for each molecular level (species,
enzyme, and pathway) are analyzed using a global perspective for CRC
prediction. Then, feature selection algorithms are applied to reduce the
number of features. Finally, CRC prediction is performed, using the
union and intersection of the features that are selected by different
feature selection algorithms. For population-based experiments, the
following three approaches are utilized, i.e., within-population, leave-
one-dataset-out (LODO) and cross-population. In these approaches, the
intersection and union features that are obtained in the global analyses
are also used, and the CRC prediction performance is evaluated.
Furthermore, comparative performance evaluations are conducted
against a grouping based feature-selection method that utilizes biolog-
ical domain knowledge (i.e., microBiomeGSM [25]. microBiomeGSM is
a novel approach developed for the identification of taxonomic
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biomarkers from metagenomic data, based on a methodology based on
grouping, scoring, and modelling (G-S-M) [26]. This approach aims to
detect disease-associated taxonomic biomarkers by developing an effi-
cient machine learning model that analyses taxonomically transformed
microbiome sequencing datasets. The microBiomeGSM tool utilizes
species-level information and groups of taxonomic features at different
levels such as genus, family, and order. Since microBiomeGSM performs
best at genus taxon level, the results at this level are included within the
comparison. G-S-M approach [26] is extensively usedto develop
different tools like maTE [27], PriPath [61], GediNET [29], miRcorrNet
[30], 3Mint [31], GeNetOntology [32], TextNetTopics [33], TextNet-
Topics Pro [34] microBiomeGSM [25], miRGediNET [35], miRdisNET
[36], miRModuleNet [28], CogNet [62] and AMP-GSM [37], which
integrate biological networks and prior knowledge to provide a
comprehensive understanding of genetic interactions. For an extensive
review of feature selection approaches based on the grouping of fea-
tures, the reader is referred to Ref. [[60],38].

The following subsections present further
methodology.

details of the

2.3. Identification of important features (species, enzymes, and
pathways), using different feature selection algorithms on the global scale

Using CRC-associated metagenomic datasets, a set of machine
learning models is built to discriminate CRC from control samples using
different feature selection algorithms and classification models. As
illustrated in Fig. 1, there are two main parts in the workflow: (i) feature
selection to identify the most relevant species, enzymes, and pathways
for the development of CRC diagnostic model; (ii) model building and
classification. As shown in Fig. 1, four different machine learning al-
gorithms (Random Forest, LogitBoost, AdaBoost, and Decision Tree) are
used for the classification task. For feature selection, Information gain
(IG), SKB [39], and extreme gradient boosting (XGBoost) (T [40]) are
utilized. In addition to using traditional feature selection algorithms
individually, a hybrid approach is employed, combining SKB, IG, and
XGBoost methods as follows.

1. The importance scores of each feature are calculated using the
feature selection algorithms mentioned above. Of the importance
scores generated by tree-based classification algorithms.

2. To ensure consistency, min-max scaling is applied to these values.

3. Features with importance scores below a certain threshold (0.5) are
discarded.

4. If a feature that passes this filtering process is identified by all three
feature selection algorithms, it is assigned to the intersection set.

5. If a feature that passes this filtering process is identified by at least
one of the three feature selection algorithms, it is assigned to the
union set.

Classification is performed using the following three sets of features.

i) Using all features without applying any feature selection algo-
rithm: For each dataset (species, enzyme, and pathway), classi-
fication is performed using the above-mentioned machine
learning algorithms and all features without applying any feature
selection method. There are 917, 2895 and 551 features in spe-
cies, enzyme, and pathway datasets, respectively.

ii) Using intersection of the features that are commonly identified
by all three feature selection algorithms: In this method, the
performance of machine learning methods is evaluated based on
the intersection of the features that are selected by different
feature selection algorithms. Each feature in the intersection set is
among the top 100 features and has feature importance score
higher than 0.5 for each feature selection algorithm. In the
intersection set, different numbers of features were obtained for
the species, enzyme, and pathway datasets. The number of
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Fig. 1. Workflow of the methodology.

features in the intersection set is 9, 25, and 6 for species, enzyme,
and pathway datasets, respectively.

iii) Using union of features that are selected by at least one of the
three different feature selection algorithms: This method eval-
uates the performance of different machine learning methods by
utilizing the union of the features that are selected by at least one
of the feature selection algorithms. Since the focus is on the top
100 features selected by different feature selection algorithms
and the features with importance scores higher than 0.5, different
numbers of features are extracted for the species, enzyme, and
pathway datasets. The number of features in the union set is 21,
295, and 38 for species, enzyme, and pathway datasets,
respectively.

In this study, CRC-associated biomarkers are identified globally and
in a population-based manner. Thus, the present study goes beyond
biomarker identification by aiming to discover population-specific
metagenomic biomarkers in three different datasets (species, enzymes,
and pathways).

2.3.1. Population based CRC classification using metagenomic features
(species, enzyme, and pathway)

To identify population-specific taxonomic biomarkers, enzymes, and
pathways, the methods described in Section 2.2.1 are applied to
population-specific datasets related to CRC. To this end, three different
meta-analyses are performed: within-population, LODO and cross-
population. This multi-faceted approach provides a deeper under-
standing of how metagenomic biomarkers differ across populations, and
it also offers valuable insights into the potential applicability of these
biomarkers in different contexts. In these experiments, the focus is on
the RF algorithm because it outperforms the other classification algo-
rithms in the preliminary analysis (global perspective) and RF is the
most commonly used algorithm in human microbiome studies as re-
ported by Ref. [19]. Fig. 2 demonstrates our workflow for the
population-specific evaluation.

In order to calculate the performance metrics separately for each
population dataset, within-population analysis was applied. A 10-fold
Monte Carlo Cross Validation (MCCV) is performed for each popula-
tion dataset. Data from each population are selected as 80 % for training
and 20 % for testing. The average AUC values and standard deviations
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Fig. 2. Population-specific evaluation of the models that are developed with the intersection/union features of the CRC-associated metagenomics dataset.

are calculated.

In the cross-population analysis, the model is trained with the data
from a specific population and the developed model is tested with the
data from another population that was not used for training. The testing
part of this experiment is repeated separately for each population that
was not used in the training part. Each dataset is used to train the model,
and each time the remaining datasets are used separately as test data.

In Leave One Dataset Out (LODO) analysis, the data from a specific
population is kept as the test set, while the data from all other pop-
ulations that were not selected for testing are combined and used for
training the model. This experiment is repeated for each population.

2.3.2. Identification of CRC-associated species, enzymes, and pathways as
potential biomarkers across different populations

In order to calculate the final importance score of each feature across
different populations, the population-specific contribution of each
feature to the Random Forest classifier, which outperforms other clas-
sification algorithms, is evaluated. In these evaluations, depending on
the best mean scores obtained using the within-population analysis,
possible biomarkers obtained by union features are used for species
data, intersection features for enzyme data, and union features for
pathway data. The intersection and union features determined by the
feature selection algorithms for species, enzyme (EC Number) and
pathway data are shared in Supplementary Tables. Then, using the min-
max scaling method, the median values of these scaled feature impor-
tance scores are obtained and a ranking list is generated. Using this
ranking list, the top 20 features for species, enzyme, and pathway
datasets are identified, and the top 5 features are explored in depth via
referring to the biological literature.

2.3.3. Implementation

The models are developed using the KNIME platform [41], and the
H20 and scikit-learn libraries are utilized. The predictive performance
of the models is evaluated using the metrics of accuracy, F1 score, and
AUC (Area Under the Receiver Operating Characteristic Curve). As
shown in Figs. 1 and 2, the generated models are tested on three separate
datasets including the relative abundance values of microorganisms
(species), enzymes, pathways that are calculated for CRC patients and

healthy samples.

3. Results

The main objective of this study is i) to predict CRC with high ma-
chine learning performance using few features, and ii) to identify the
species, enzymes, and pathways associated with this disease. Another
important goal of this study is to provide more accurate and specific
information for CRC diagnosis and treatment through global and
population-specific experiments. Using different feature selection algo-
rithms, dominant features will be highlighted and the effect of these
features on CRC prediction performance will be investigated in detail
using the proposed approaches. In this context, the results are evaluated
from two different perspectives. Firstly, using a global dataset, the
performance of the classification algorithms is comparatively evaluated
using (i) all features, (ii) the intersection of the features that are selected
by all feature selection algorithms (intersection features), and (iii) the
union of the features that are selected by at least one feature selection
algorithm (union features). Secondly, using population-specific datasets,
within-population, LODO and cross-population experiments are per-
formed; and the performance of the generated models using different
feature sets, as explained for the global analysis, are comparatively
evaluated. This performance evaluation is repeated for three different
datasets containing species, enzymes, and pathways as features for the
same samples.

3.1. Performance evaluation of the global models

The experiments conducted on the global CRC-associated meta-
genomics dataset, which includes samples from different populations,
offer general insights into the CRC development.

3.1.1. Performance evaluation of the global models using all features
Using 10-fold cross-validation, 4 different classifiers (Random For-
est, AdaBoost, LogitBoost, and Decision Tree) are run on CRC-associated
metagenomic data without applying any feature selection method; and
the average performance metrics and standard deviations are shown in
Table 2. For species, enzyme, pathway and combined enzyme and
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Table 2
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Performance evaluation of the classification algorithms using all features within the CRC-associated species, enzyme, pathway and combined enzyme and pathway

datasets.

CRC-Associated Species Dataset

Model Accuracy Sensitivity Specificity F1-Measure AUC Precision
AdaBoost 0.53 + 0.008 0.66 + 0.06 0.76 + 0.06 0.69 + 0.002 0.79 + 0.02 0.53 + 0.004
DT 0.52 + 9.93E-9 0.64 + 0.05 0.70 + 0.05 0.69 + 0.001 0.68 + 0.04 0.53 + 9.93E-9
LogitBoost 0.53 £+ 0.003 0.65 £+ 0.07 0.76 + 0.05 0.69 + 0.001 0.81 + 0.02 0.53 £+ 0.001
RF 0.52 £+ 9.93E-9 0.66 + 0.02 0.84 + 0.06 0.69 + 0.01 0.83 £ 0.03 0.53 + 9.93E-9
CRC-Associated Enzyme Dataset

Model Accuracy Sensitivity Specificity F1-Measure AUC Precision
AdaBoost 0.69 + 0.03 0.63 £ 0.1 0.73 £ 0.03 0.72 + 0.01 0.76 + 0.01 0.65 + 0.04
DT 0.49 + 0.02 0.60 + 0.1 0.60 + 0.05 0.66 + 0.02 0.63 £ 0.01 0.49 £ 0.01
LogitBoost 0.68 £+ 0.02 0.63 £+ 0.06 0.73 £ 0.04 0.72 £ 0.009 0.76 £ 0.01 0.64 £+ 0.03
RF 0.67 + 0.02 0.61 + 0.07 0.75 + 0.07 0.73 + 0.01 0.78 + 0.009 0.61 + 0.02
CRC- Associated Pathway Dataset

Model Accuracy Sensitivity Specificity F1-Measure AUC Precision
AdaBoost 0.62 + 0.05 0.62 + 0.05 0.69 + 0.03 0.70 + 0.01 0.71 £+ 0.02 0.58 + 0.04
DT 0.49 + 9.93E-9 0.59 + 0.04 0.65 £+ 0.07 0.66 + 9.93E-9 0.59 + 0.03 0.49 + 9.93E-9
LogitBoost 0.61 + 0.03 0.57 £+ 0.08 0.69 + 0.04 0.70 + 0.01 0.70 + 0.006 0.57 + 0.03
RF 0.69 £ 0.02 0.59 £+ 0.07 0.76 + 0.08 0.73 + 0.008 0.76 £ 0.01 0.65 + 0.02
CRC-Associated Combined Enzyme and Pathway Dataset

Model Accuracy Sensitivity Specificity F1-Measure AUC Precision
AdaBoost 0.55 £+ 0.05 0.66 + 0.04 0.72 £+ 0.05 0.69 + 0.01 0.75 + 0.05 0.54 £ 0.03
DT 0.54 + 0.04 0.62 + 0.06 0.63 + 0.06 0.68 + 0.007 0.62 + 0.04 0.54 + 0.04
LogitBoost 0.54 + 0.05 0.62 + 0.06 0.74 + 0.04 0.69 + 0.01 0.75 + 0.03 0.53 + 0.02
RF 0.56 + 0.07 0.59 £ 0.08 0.76 + 0.05 0.70 + 0.03 0.76 + 0.04 0.55 + 0.06

pathway datasets, the highest performance is obtained with the Random
Forest classification algorithm. Accuracy, specificity, sensitivity, F1-
measure, precision, and AUC are used as evaluation criteria. As shown
in Table 2, the best results were obtained with the Random Forest
classifier with an AUC of 0.83 for the species dataset. For the enzyme
dataset, the best results were obtained with the Random Forest classifier
with an AUC of 0.78. For the pathway dataset, the best results were
obtained with the Random Forest classifier with an AUC of 0.76. For the
combined enzyme and pathway dataset, the best results were obtained
with the Random Forest classifier with an AUC of 0.76.

3.1.2. Performance evaluation of the global models using feature selection

In this subsection, the results obtained using feature selection algo-
rithms are presented. 4 different feature selection algorithms including
traditional feature selection algorithms (SelectKBest (SKB), Information
Gain (IG), (XGBoost)) and microBiomeGSM [25] which is a biological
domain-knowledge based feature selection technique; and 4 different
classification algorithms (AdaBoost, LogitBoost, Decision Tree and
Random Forest) are used for CRC prediction. The grouping of the fea-
tures is performed at the genus level while running the microBiomeGSM
tool. Fig. 3 provides a comparison of the AUC values obtained with
different classification algorithms using different feature selection
techniques on the global scale. Fig. 3 (A) shows a comparative assess-
ment of the AUC values obtained using the CRC-associated species
dataset. Fig. 3 (B) and 3 (C) show the comparative AUC values that are
obtained for the enzyme and pathway datasets, respectively. Since
microBiomeGSM uses Random Forest as the classification algorithm, its
performance is compared with other feature selection algorithms only
using RF classifier. In Fig. 3, the first 2 bars in each graph (colored in red
and orange) represent the intersection and union features, respectively.
The third bar in each graph (colored in yellow) shows the performance
of the model using all features (when no feature selection method is
used). The fourth bar in each graph (colored in light blue) shows the
results obtained using XGBoost feature selection algorithm. The fifth bar
in each graph (colored in green) shows the results obtained using In-
formation Gain (IG) feature selection algorithm. The sixth bar in each

graph (colored in dark blue) shows the results obtained using Select K
Best feature selection algorithm. The last bar in the Random Forest
classifier and in the mean values (colored in steel blue) show the results
obtained with the microBiomeGSM tool, where the features are grouped
on genus level.

Fig. 3 (A) illustrates the mean AUC values for different feature se-
lection algorithms, calculated by averaging the AUC values obtained
from various classification algorithms. The highest AUC averaged over
different classifiers (an AUC of 0.78) is obtained by using all features.
Among different classifiers, for each feature selection method except for
the SKB feature selection method, the highest AUC values are obtained
using the RF algorithm. This underlines the strength of the RF algorithm.
Fig. 3 (A) shows that for the species dataset, the RF classifier achieves an
AUC of 0.83 when all features (917 features) are used. For the same
dataset, the RF classifier using the intersection of selected features by
SKB, IG, and XGBoost algorithms (9 features) results in 0.78 AUC. For
the same dataset, the RF classifier using the union of selected features by
SKB, IG, and XGBoost algorithms (21 features) yields an AUC of 0.79.
The union feature set including relative abundance values of only 21
species shows very close performance with the model that uses the
relative abundance values of 917 species.

For the enzyme dataset, when the mean AUC values shown in Fig. 3
(B) are analyzed, it is observed that the highest AUC is achieved by using
the union of the features selected by different feature selection methods.
In the experiments performed on the enzyme dataset, the highest AUC
values are obtained with the Random Forest classification algorithm.
Examining Fig. 3 (B), an AUC of 0.76 is achieved with the RF classifi-
cation algorithm using all features (2895 features); an AUC of 0.76 is
obtained using the intersection of the features (25 features) that are
identified by SKB, IG, and XGBoost feature selection algorithms; and an
AUC of 0.79 is achieved using the union of the features (295 features)
that are detected by different feature selection algorithms. These results
imply that by examining only the abundance values of 25 enzymes in the
intersection set, one can perform classification as successfully as
analyzing the 2895 enzymes (all features in the enzyme dataset). Hence,
it can be deduced that the method of the present study resulted in higher
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Fig. 3. Performance evaluation of different feature selection techniques using
different classifiers on CRC-associated A) species, B) enzyme and C)
pathway datasets.

AUC values using fewer features for the CRC-associated enzyme dataset.

When the mean values among different classifiers are analyzed on
the pathway dataset, it is seen in Fig. 3 (C) that the AUC values that are
obtained by using all features and by using the union features are
similar. When the AUC values on the CRC-associated pathway dataset is
analyzed, one can notice that the highest AUC values are obtained using
the Random Forest classification algorithm among different classifiers.
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Examining Fig. 3 (C), an AUC of 0.75 is achieved with the RF classifi-
cation algorithm using all features (551 features); an AUC of 0.68 is
achieved using 6 features that are commonly identified by SKB, IG and
XGBoost feature selection algorithms; and an AUC of 0.77 is obtained by
using 38 features that are identified by at least one of the feature se-
lection algorithms (union features). Obtaining higher AUC values using
only 38 features that are identified by at least one of the feature selection
algorithms emphasizes that these pathways are more informative
compared to using all 551 pathways.

When the average performance metrics presented in Fig. 3 are
analyzed, one can conclude that for the species and pathway datasets,
the SKB algorithm as a feature selection method and the Random Forest
algorithm as a classifier outperform other competitors. For the enzyme
dataset, the XGBoost algorithm as a feature selection method and the
Random Forest algorithm as a classifier outperform other tested algo-
rithms. In the majority of the analyses performed for species, enzyme
and pathway data, the SKB feature selection method and the Random
Forest classification algorithm performed better than other tested
feature selection algorithms. When the averages for the species, enzyme,
and pathway dataset are analyzed using the all features (Fig. 3), the SKB
feature selection method outperforms the other feature selection algo-
rithms in terms of the AUC metric for the species and pathway datasets.
For the enzyme dataset, the XGBoost feature selection method out-
performs the other methods. When analyzing the performance of the
classification algorithms, the best classification results for the dataset of
species, enzyme and pathway were obtained with the Random Forest
classification algorithm.

3.2. Performance evaluation of population-specific models

Table 2 and Fig. 3 show that the Random Forest classifier performs
better than the Decision Tree, LogitBoost and AdaBoost algorithms in
classifying CRC on the global-scale experiments. Therefore, the Random
Forest classifier is deliberately utilized in the population-specific ex-
periments. In particular, the potential of the Random Forest classifica-
tion algorithm in population-based analysis of species, enzyme, and
pathway datasets is investigated using the intersection/union of features
identified by different feature selection algorithms. In order to evaluate
the performance of the models, the following three methods are applied:
i) within-population, ii) leave-one-dataset-out (LODO) and iii) cross-
population. In this way, population-specific biomarkers associated
with CRC are highlighted as a function of populations. Fig. 4 shows the
experimental results of the within-population and the LODO approach
for population-specific analyses. In Fig. 4, the mean AUC values among
different populations are also plotted. Fig. 4 shows a comparison of the
AUC values obtained for different population datasets using i) all fea-
tures, and ii) the intersection and union of the features that are detected
by the feature selection algorithms. In each figure, the first 2 bars
(colored in red and orange) indicate the AUC values of the models, using
intersection and union features, respectively. The third bar (colored in
yellow) shows the performance of the model when all features are used
without applying feature selection methods. For the species dataset, the
last bar (colored in steel blue) in Fig. 4 indicates the findings of micro-
BiomeGSM tool where the features are grouped on the genus level. Fig. 4
(A) shows the within-population and Fig. 4 (B) shows the LODO
experimental results, respectively. Fig. 4 (A) and (B) illustrate the AUC
values of the models for the species, enzyme, and pathway datasets,
respectively. The experimental results for species data are shown in
Fig. 4 (A.1), for enzyme data in Fig. 4 (A.2) and for pathway data in
Fig. 4 (A.3).

3.2.1. Findings for within-population analysis

In the within-population analysis, each metagenomics dataset that is
specific to a population is analyzed separately. In these experiments, the
RF algorithm is used as the classification algorithm and a 10-fold Monte
Carlo cross-validation method is applied. Through our within-
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A - Within-Population Analysis Results.
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Fig. 4. AUC values that are obtained as part of the within-population analysis and LODO analysis using 1) species, 2) enzyme and 3) pathway features of the CRC-
associated population-specific metagenomic datasets. AUC values of different feature selection methods are represented by different colors and compara-

tively evaluated.

population experiments using the species, enzyme, and pathway data-
sets, it was observed that for most of the cases (17 out of 27 compari-
sons), the AUC values that are obtained using the union features were
higher than the AUC values obtained using all features (as shown in
Fig. 4 (A)). More specifically, Fig. 4 (A.1) shows the AUC values obtained
for the CRC-associated species dataset. As can be seen in Fig. 4 (A.1), for
five out of nine populations (“AUT”, “FRA”, “ITA”, “JPN” and “USA”),
the AUC values obtained using the union features (21 features) are
higher than the AUC values reported with other approaches (intersec-
tion of features, microBiomeGSM, and all features). Among the AUC
values that are obtained for different CRC-associated species datasets
belonging to different populations, the highest AUC value (an AUC of
0.91) is reported for “AUT” population using the 21 features included in
the union set. In only one of the nine different datasets (“JP” popula-
tion), the AUC value (0.82) that is obtained using the intersection of the
features (9 features) is higher than the AUC values reported by other
approaches. Using 9 common features from the species datasets, the
highest AUC values (0.84) are noted for “AUT” and “FRA” populations.
For two of the nine different datasets (“DEU”, “IND”), the AUC metrics
obtained using all features (917 features) are better than the AUC values
reported by other approaches. The highest AUC value among these
populations was obtained for “IND” with an AUC of 0.93 using all fea-
tures. When mean AUC values are analyzed, one can observe from Fig. 4
(A.1) that the highest AUC value of 0.82 is obtained with the union
features (relative abundance values of 21 species).

Fig. 4 (A.2) illustrates the AUC values derived from the CRC-
associated enzyme dataset, showcasing outcomes obtained through the
utilization of union features, intersection features, and the inclusion of
all features. As shown in Fig. 4 (A.2), for five of the nine different
datasets (“DEU”, “FRA”, “IND”, “JPN”, and “JP”) the models that are
developed using intersection features outperform other models in terms
of the AUC metrics. The “IND” population dataset attains the highest
AUC value of 0.98. In three out of the nine distinct datasets (“AUT”,
“CHN”, and “ITA”), AUC metrics derived from utilizing all features
exhibit a slight improvement over the AUC values obtained from alter-
native models. Among the AUC values observed across various CRC-
associated enzyme datasets from diverse populations, the “AUT” popu-
lation achieved the highest AUC value of 0.83 when utilizing all features
(2895 features). Fig. 4 (A.2), the analysis exclusively focusing on all
features (depicted by the yellow bar) reveals that the “IND” population
yields the highest AUC value of 0.96 among all AUC values derived from
the utilization of all features. In solely one of the nine distinct datasets
(specifically, the “USA” population), the AUC value of 0.60 achieved
through the utilization of feature union (comprising 295 features) sur-
passes the AUC values obtained through alternative methodologies. In
Fig. 4 (A.2), exclusive analysis of union features (represented by the
orange bar) comprising 295 features reveals that the “IND” population
exhibits the highest AUC value of 0.91 among all AUC values derived
from the utilization of union features. Upon examination of mean AUC
values depicted in Fig. 4 (A.2), it becomes evident that the intersection
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features (comprising relative abundance values of 25 enzymes) yield the
highest AUC value of 0.75. Fig. 4 (A.2) indicates that the frequency of
superior performances achieved through the intersection of features
identified by feature selection methods exceeds that of other
methodologies.

Fig. 4 (A.3) presents the AUC outcomes for pathway data, comparing
the utilization of union features identified by various feature selection
methods, intersection features identified by different feature selection
methods, and all features without any feature selection method. As
depicted in Fig. 4 (A.3), among six out of nine populations (“AUT”,
“DEU”, “FRA”, “ITA”, “JPN”, and “USA™), the utilization of union fea-
tures (comprising 38 features) yields higher AUC values compared to
other methodologies, including intersection of features, micro-
BiomeGSM, and utilization of all features. Among the AUC values
derived from distinct colorectal cancer (CRC)-associated species data-
sets across various populations, the most elevated AUC value, reaching
0.88, is documented for the “FRA” population. This result is achieved
through the utilization of 38 features encompassed within the union set.
In Fig. 4 (A.3), exclusive examination of union features (represented by
colored orange bars) reveals the attainment of the most prominent
outcome for the “IND” population concerning the AUC. Specifically, the
utilization of union features yields an AUC value of 0.95 for this popu-
lation subgroup. Among the nine distinct datasets examined, namely the
“CHN” population, it is noteworthy that the utilization of the intersec-
tion of features results in a comparatively higher AUC value of 0.72,
surpassing the AUC values obtained through alternative approaches in
this specific population cohort. Fig. 4 (A.3) demonstrates that exclusive
analysis of intersection features (depicted by colored red bars) yields the
most superior outcome for the “IND” population concerning the area
under the curve (AUC) values obtained using union features. Specif-
ically, an AUC value of 0.92 is observed in this population subgroup. As
depicted in Fig. 4 (A.3), it is notable that among the nine distinct
datasets analyzed, specifically the “IND” and “JP” populations, the
models constructed utilizing all features exhibit superior performance
compared to alternative models, as evidenced by (AUC) metrics. Among
the calculated AUC values derived from various colorectal cancer (CRC)-
associated pathway datasets across diverse populations, the most
elevated AUC value of 0.96 is documented for the “IND” population.
This notable outcome is achieved through the utilization of all features,
encompassing a total of 2895 features. Upon examination of the mean
(AUC) values, it becomes apparent from Fig. 4 (A.3) that the most
notable AUC value, reaching 0.73, is attained through the utilization of
union features. These features comprise relative abundance values
associated with 38 pathways. Fig. 4 (A.3) illustrates a greater frequency
of superior performances achieved through the integration of features
identified by feature selection methods, compared to alternative
approaches.

3.2.2. Findings for leave one dataset out (LODO) analysis

In the Leave One Dataset Out (LODO) analysis, performance is
evaluated by excluding one population dataset for repeated testing for
species, enzyme, and pathway datasets, separately. In this experiment,
one population is selected for testing and the remaining datasets are
combined and used as training data. This experiment is repeated for
each population. In these experiments, the RF algorithm is used as the
classification algorithm and the 10-fold Monte Carlo cross-validation
method is applied. A comparison of the AUC values obtained during
the LODO analysis by using different feature selection methods (inter-
section, union, and all features) is shown for each population in Fig. 4
(B.1), Fig. 4 (B.2), and Fig. 4 (B.3) for the species, enzyme, and pathway
datasets, respectively. The first 2 bars in each graph (colored red and
orange) represent the intersection of features identified commonly by all
three feature selection algorithms, and the union of features selected by
at least one of the three different feature selection algorithms, respec-
tively. The third bar shows the performance of the model when all
features were used without applying a feature selection method. The
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fourth bar for the species data shows the resulting AUC scores deter-
mined using the microBiomeGSM tool. Since the microBiomeGSM is a
tool that uses species data, only comparisons with species data are
included in these experiments.

In Fig. 4 (B.1), it is evident that within the species dataset, the AUC
outcomes derived from the union features, selected via feature selection
methods, surpass those obtained through alternative approaches in two
out of the nine distinct datasets (“DEU” and “FRA”). The highest AUC
value among the various CRC-associated species datasets from diverse
populations, standing at 0.84, is documented for the “FRA” population,
employing the 21 features encompassed within the union set. In Fig. 4
(B.1), exclusive examination of the union features (depicted by the or-
ange bar) reveals the most favorable outcome for the “JP” population,
exhibiting an AUC of 0.87 among the AUC values derived from these
features. As depicted in Fig. 4 (B.1), in the case of four out of the nine
distinct datasets (“ITA”, “JPN”, “JP”, and “USA”), the models con-
structed utilizing all features exhibit superior performance compared to
alternative models, as evidenced by AUC metrics.

In LODO analysis, the “JP” population dataset yields the highest AUC
value of 0.94. This result also represents the optimal one achieved for
the species data. As depicted in Fig. 4 (B.1), the models constructed
using intersection features do not demonstrate superior performance
compared to other models in terms of AUC metrics across any of the nine
distinct datasets. The highest achievement observed with the intersec-
tion of features identified by the feature selection methods is an AUC of
0.85 for the “IND” dataset. As illustrated in Fig. 4 (B.1), among the nine
diverse datasets, the models employing microBiomeGSM exhibit supe-
rior performance in AUC metrics for three datasets, namely “AUT”,
“CHN”, and “IND”. In the array of AUC values derived from various CRC-
associated species datasets across diverse populations, the apex AUC
value of 0.90 is documented for the “IND” population, utilizing the 14
features amalgamated in the union dataset. Upon scrutiny of the mean
AUC values, Fig. 4 (B.1) reveals that the utmost AUC value of 0.77 is
acquired when employing all features, encompassing the relative
abundance values of 917 species.

Fig. 4 (B.2) shows the AUC values obtained for the CRC-associated
enzyme dataset using union features, intersection features, and all fea-
tures. As can be seen in Fig. 4 (B.2) for the enzyme dataset, in three of the
nine different datasets (“AUT”, “CHN”, and “IND”), the AUC results
obtained with the intersection features obtained by the feature selection
methods are higher than the AUC values obtained with the other ap-
proaches. Among the AUC values that are obtained for the different CRC-
associated enzyme datasets belonging to different populations, the
highest AUC value (an AUC of 0.89) is reported for the “IND” population
using the 25 features included in the intersection set. In Fig. 4 (B.2),
when only the intersection features are analyzed (colored in red), the
highest result is obtained for the “JP” population among the AUC values
obtained using the intersection features (AUC of 0.94). As shown in
Fig. 4 (B.2), for three of the nine different datasets (“ITA”, “JPN” and
“JP”), the models that are developed using all features outperform the
other models in terms of AUC metrics. Among the AUC values that are
obtained for the different CRC-associated enzyme datasets belonging to
different populations, the highest AUC value (an AUC of 0.98) is re-
ported for the “JP” population using the 2895 features included in the
all-feature set. This result is also the best result obtained for the LODO
approach for enzyme data. When analyzing the mean AUC values, Fig. 4
(B.2) shows that the highest AUC value of 0.76 is obtained for the union
features and all features.

As can be seen in Fig. 4 (B.3) for the pathway dataset, in five of the
nine different datasets (“CHN”, “DEU”, “FRA”, “JPN” and “USA”), the
AUC results obtained with the union features achieved by the feature
selection methods are higher than the AUC values obtained with the
other approaches. Among the AUC values that are obtained for the
different CRC-associated pathway datasets belonging to different pop-
ulations, the highest AUC value (an AUC of 0.83) is reported for the
“USA” population using the 38 features included in the union set. Fig. 4



B. Bakir-Gungor et al.

(B.3), when only the union features are analyzed (colored in orange), the
highest result is obtained for the “JP” population among the AUC values
achieved using the union features (AUC of 0.92). As shown in Fig. 4
(B.3), for three of the nine different datasets (“IND”, “ITA” and “JP”), the
models that are developed using all features outperform the other
models in terms of AUC metrics. The highest AUC value of 0.96 is ob-
tained for the “JP” population dataset. This result is also the best result
obtained for the pathway data. As shown in Fig. 4 (B.3), the models that
are developed using intersection features do not outperform the other
models in terms of AUC metrics for any of the nine different datasets.
The highest AUC that is obtained with the intersection of the identified
features is 0.82 for “JP” population. When analyzing the mean AUC
values, it can be seen in Fig. 4 (B.3) that the highest AUC value of 0.76 is
obtained with the union features (relative abundance values of 38
pathways).

3.2.3. Findings for cross-population analysis

In this evaluation method, the model is trained using data from a
specific population and the developed model is tested separately using
data from another population that was not used for training. This
experiment is repeated for each population. One by one, every dataset is
used for training the model and each time the remaining datasets are
used separately as the test data. Fig. 5(A) and. 5 (B) and Fig. 5 (C) show
the AUC values of the machine learning models that are developed using
the cross-population technique and applied on species, enzyme, and
pathway datasets, respectively.

By examining the average AUC values obtained throughout the
within-population experiments, the feature selection approach yielding
the highest mean AUC value is selected for the cross-population analysis.
It can be observed from Fig. 4 (A.1) that for the species dataset, the mean
AUC value generated by the union features (21 species) is higher than
other tested methods. Hence, we used the reduced dataset including
only these 21 features through cross-population experiments of the
species dataset. For the enzyme dataset, as shown in Fig. 4 (A.2), the
models using the intersection features (25 enzymes) resulted in the
highest mean AUC value. Hence, the reduced dataset containing solely
these 25 features was utilized in cross-population experiments of the
enzyme dataset. For the pathway dataset, as shown in Fig. 4 (A.3), the
models using the union features (38 pathways) generated the highest
AUC values when averaged over different populations. Hence, the
reduced dataset comprising solely these 38 features was employed in
cross-population experiments of the pathway dataset. The Random
Forest algorithm was used as the classifier in cross-population analyses
since the Random Forest classifier resulted in the highest AUC in our
previous experiments with other classifiers tested on the global
perspective (as shown in Fig. 3).

As depicted in Fig. 5 (A), cross-population experiments revealed that
an AUC of 0.80 or higher was achieved in 7 out of 72 instances when
employing the union features, consisting of 21 features, within the
species dataset. Fig. 5 (A) shows that using the relative abundance
values of the 21 species within the species dataset, the highest AUC of
0.85 is obtained when “JPN” population is used as the training set and
“JP” is used for the test set. In Fig. 5 (A), it is demonstrated that
employing the relative abundance values of the 21 species within the
species dataset yields the highest AUC of 0.85. This result is attained
when utilizing the “JPN” population as the training set and the “JP”
population as the test set.

This high-performance metric between two different datasets
collected from the same country but different regions emphasize the
success of the proposed approach.

The notable performance metric observed between two distinct
datasets originating from the same population, but disparate regions
underscore the efficacy of the proposed methodology.

The second highest AUC score of 0.83 is achieved when employing
“DEU” as the training set and “JP” as the test set, while a similar AUC
value of 0.83 is observed with “AUT” as the training set and “JP” as the
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As depicted in Fig. 5 (B), an AUC of 0.80 and above was obtained for
11/72 cases using the intersection of features for the enzyme dataset.
Fig. 5 (B) shows that the best result is obtained with an AUC of 0.97
when using the intersection features selected by the feature selection
methods for the enzyme data (25 enzymes/feature), using “AUT” as the
training set and “IND” as the test set. The second-best result is obtained
with 0.96 AUC when “JPN” is used as the training set and “JP” as the test
set.

In Fig. 5 (C), AUC of 0.80 and above is obtained for 7/72 cases by
using the union of features determined by feature selection methods in
cross-population analyses for pathway data. Fig. 5 (C) shows that when
“JPN” is used as the training set and “JP” as the test set, the best result of
0.99 AUC is obtained for the pathway data using the union features (38
features) selected by the feature selection algorithms. This high result
between two data from the same population but from different regions
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underlines the success of the proposed approach. The second-best result
is obtained with an AUC of 0.90 using “FRA” as the training set and
“IND” as the test data for the pathway data.

3.3. Potential biomarkers within the union/intersection features, as
identified by different feature selection algorithms

In the present study, as shown in Fig. 3 (A), in the species dataset,
union features selected by at least one feature selection algorithm are
emphasized as potential biomarkers. Since the performance of the union
features is superior to other models that are developed using individual
feature selection algorithms and also superior to other models that are
generated using the intersection of the features that are selected by all
feature selection algorithms; for the species dataset, further analyses are
conducted with the union set comprising 21 features. Intersection fea-
tures selected by feature selection algorithms are highlighted as poten-
tial biomarkers in the enzyme dataset (see Fig. 3 (B)). Since the
performance of the intersection features is superior to other models built
with individual feature selection algorithms, and superior to other
models built with a union of features selected by all feature selection
algorithms, for the enzyme dataset, further analyses are performed with
the intersection set containing 25 features. A similar trend can be seen in
Fig. 3 (C), where the union feature set generates higher AUC than other
tested feature selection algorithms. Hence, for pathway datasets, further
analyses is performed utilizing the union set comprising 38 features.

For the features within the union features list, the importance scores
of the features obtained after the classification process using the
Random Forest classification algorithm are scaled using the min-max
scaling method. The importance scores for each population are scaled
between 0 and 100, where 0 denotes the lowest value and 100 represents
the most important value. Then the median value of these scores is
calculated for each feature and the final ranking is made based on this
value. The feature with the highest median value is presented as the
most valuable feature.

Recently, CRC prediction studies using metagenomic data, especially
at the taxonomic level, have considerably increased. In this context,
some species might influence colorectal cancer development and pro-
gression. The proposed method revealed a number of species associated
with colorectal cancer. The top 20 species obtained with the proposed
approach are shown in Supplementary Fig. 1. The relevance of those
identified species has been assessed against the literature. In the “Dis-
cussion” section, the relevance of the top 5 species among these 20
species are analyzed in detail.

There are not many studies in the literature on the relationship be-
tween enzymes and CRC, but some enzymes may influence risk factors
for colorectal cancer or play a role in CRC. The number of these studies is
not large enough and the relationship between enzymes and colorectal
cancer is still under investigation. Therefore, our discussion for the
identified enzyme biomarkers is based on a limited number of studies.
Although the number of studies is limited, the enzyme biomarkers
identified by the proposed approach highlight a number of enzymes
associated with colorectal cancer, some of which have been validated by
the experiments in the literature. The top 20 enzymes obtained with the
proposed approach are shown in Supplementary Fig. 2. In the “Discus-
sion” section, the top 5 enzymes among these 20 species are analyzed in
detail.

There are several studies suggesting that pathways may influence
risk factors associated with colorectal cancer or may play a role in the
development of cancer. The number of these studies is insufficient and
the investigation of the relationship between pathways and colorectal
cancer is still ongoing. In the present study, the union features selected
by the feature selection algorithms determine the usage importance
determined by the population-specific classification algorithms, take the
median of these rankings, and produce a final ranking. The top 20
pathways identified using the proposed approach are shown in Sup-
plementary Fig. 3. In the “Discussion” section, the top 5 pathways
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among these 20 pathways are analyzed in detail.
4. Discussion

In disease prediction using metagenomic data, feature selection al-
gorithms play a crucial role by helping to identify biomarkers at
different molecular levels, which not only contributes to a more
comprehensive understanding of disease mechanisms at the molecular
level, but also has implications for diagnosis and treatment [42]. Our
proposed method, using robust feature selection algorithms such as
Select K Best (SKB), Information Gain (IG), and Extreme Gradient Boost
(XGBoost), and utilizing intersection and union of the features that are
selected in multiple feature selection methods, has the potential to
streamline microbiota analysis, reduce costs, and improve the effec-
tiveness of CRC diagnosis. The impact of these features on colorectal
cancer classification is thoroughly evaluated using state-of-the-art ma-
chine learning algorithms, namely, Decision Tree (DT), Random Forest
(RF), AdaBoost, and LogitBoost for various metagenomic datasets. Sys-
tematic evaluation of the developed models includes a set of perfor-
mance metrics that ensures a comprehensive assessment of their
effectiveness.

4.1. Biological interpretation of the findings

In recent years, an increasing number of studies have used meta-
genomics data to identify biomarkers for CRC. Although there is
increasing evidence that the gut microbiota is associated with CRC, the
collective role of the gut microbiota is still under investigation. In the
present study, feature selection algorithms are applied to metagenomic
data on species, enzymes, and pathways levels, investigating the effects
of the intersection and union features selected by these algorithms on
the predictive performance of colorectal cancer. By developing global
and population-specific models, the metagenomic data (species, en-
zymes, and pathways) associated with CRC is comprehensively investi-
gated. Since the union features, which are identified by at least one of
the feature selection algorithms exhibit high performance for the species
and pathway datasets, these selected features are investigated from a
biological perspective. For the enzyme dataset, the impact of the inter-
section features is investigated from a biological perspective, given their
high performance across all feature selection algorithms. The potentially
colorectal cancer-associated species, enzymes, and pathways identified
by the proposed method are compared with the previous studies in the
related literature. The promising candidates are indicated as possible
biomarkers for CRC.

The scores of the top 20 species among different populations and
their final ranks are visualized in Supplementary Fig. 1. The top 5
important species in this final ranking list are searched in literature for
their possible roles in CRC development. Among the top 5 species, all
species identified by the proposed method are previously reported by
the following studies as associated with colorectal cancer: Ruth-
enibacterium Lactatiformans [43], Parvimonas Micra [44,45], Odor-
ibacter Splanchnicus [46], Streptococcus Salivarius [47], and Gemella
Morbillorum [48,49]. Among other taxonomic biomarkers identified in
the top 20 species list of the present study, several species (e.g., Alistipes
Finegoldii [50], Peptostreptococcus stomatis [44], Lactobacillus fer-
mentum (J.-E [51])) have already been associated with colorectal cancer
in the literature. This suggests that the proposed method is an effective
method for species level metagenomics data and can be used in future
studies to investigate the potential taxonomic biomarkers that are
associated with other types of cancer.

The scores of the top 20 enzymes among different populations and
their final ranks are visualized in Supplementary Fig. 2. According to
this ranking, the top 5 enzymes are RNA 2',3"-cyclic 3-phosphodies-
terase, methylaspartate mutase [8,52], glycine dehydrogenase, amino-
methyltransferase [53], and peptide-methionine (R)-S- oxide reductase.
Among these top 5 enzymes, two enzymes (methylaspartate mutase and
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aminomethyltransferase) have been previously reported as directly
linked with colorectal cancer. Studies in literature suggest that other
enzymes are indirectly associated with colorectal cancer. For example,
in the following studies, dihydrolipoyl dehydrogenase (P. J [59]),
methylmalonyl CoA mutase [54] and tryptophanase [55] have not been
directly associated with CRC, but some analyses have been conducted on
other structures with which these enzymes interact, and an association
with colorectal cancer has been reported. The enzymes found by the
proposed method other than those mentioned above may be inspiring
for future studies to reveal the undiscovered relationships between
colorectal cancer and candidate enzyme biomarkers.

The scores of the top 20 pathways among different populations and
their final ranks are visualized in Supplementary Fig. 3. According to
this ranking, the top 5 pathway features are PWY-6588: pyruvate
fermentation to acetone, HISDEG-PWY: L-histidine degradation I [56],
PWYO0-162: superpathway of de novo biosynthesis of pyrimidine ribo-
nucleotides, P108-PWY: pyruvate fermentation to propanoate I, and
HISTSYN-PWY: L-histidine biosynthesis. Among these top 5 pathways,
only one pathway (HISDEG-PWY: L-histidine degradation I) is reported
in literature as directly associated with colorectal cancer [56]. In addi-
tion, among the top 20 pathways, three pathways, e.g. L-lysine
fermentation to acetate and butanoate [57], thiamine salvage II [56]
and the 1,3-propanediol-glycerol degradation superpathway [58], are
known as directly associated with colorectal cancer. The pathways
found by the proposed method, other than those mentioned above, may
be useful for future studies to reveal the relationship between colorectal
cancer and the candidate pathway biomarkers.

The proposed method is used to predict colorectal cancer using
machine learning methods and it identifies potential biomarkers asso-
ciated with this disease. Research was conducted on nine different
datasets including data from eight different populations. Using CRC-
associated metagenomic data on species, enzyme, and pathway levels;
global and population-specific analyses were performed. Potential bio-
markers identified by the proposed method are validated with different
studies in the existing literature. These identified species, enzymes and
pathways were suggested as potential biomarkers since the performance
of the models developed using these features were superior to other
models. As illustrated in Supplementary Figs. 1, 2, 3, the scores of the
top 20 species, enzymes and pathways are calculated separately for each
population, and median scores are computed for species, enzyme, and
pathway datasets. The top 5 species, enzymes and pathways in the final
ranking were studied in detail in comparison to biomedical literature.
For most of the species identified by our proposed approach, their
possible roles in CRC development have been validated by the existing
studies in literature, which highlights the effectiveness of our method-
ology. In the related literature, the number of studies on the association
between enzymes and colorectal cancer is limited. One of the first 5
enzyme biomarkers have been previously reported in literature as
associated with colorectal cancer. There are also relatively few studies
on the association between pathway data and colorectal cancer.
Research to identify pathways associated with colorectal cancer is
ongoing. The fact that at least one biomarker from the top 5 biomarkers
has been validated for each approach highlights the robustness of the
proposed method, despite the limited number of studies available. This
study not only provides valuable insights into colorectal cancer-
associated species, enzymes, and pathways, but also serves as a guide-
post for future research efforts aimed at uncovering previously unknown
associations in this field.

5. Conclusion

Using various machine learning algorithms, the present study iden-
tifies the species, enzyme groups and pathways that influence the
microbiota of the colorectal cancer patients; and hence contributes to
the diagnosis and treatment of colorectal cancer. In addition, extensive
experiments are performed to evaluate the effect of the identified
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species, enzyme, and pathway biomarkers on predicting the CRC at the
population level. The population-based analyses of the present study
include within-population, between population analysis (where one
population is used as test data and all the remaining populations are
used as training data (leave-one-dataset-out, LODO)) and cross-
population (where one population is used as training data and another
population is used as test data). This comprehensive set of experiments
reveals molecular groups (species, enzymes, and pathways) that are
effective in CRC diagnosis, customized for populations. For CRC-related
species, enzyme and pathway datasets, models using i) all features, ii)
the intersection of features identified by all feature selection algorithms
and iii) the union of features identified by at least one feature selection
algorithm are comparatively evaluated. The models that are generated
by using union features show higher success rates compared with the
success rates of the models that utilize all features and intersection
features. When analyzing the performance metrics obtained with
various feature selection methods and classifiers, one can notice that
different feature selection methods and classifiers perform well on
different datasets (i.e., species, enzyme and pathway data). Still, for all
three datasets, the random forest classification algorithm shows superior
performance compared to other classifiers. When analyzing the perfor-
mance measures of different feature selection methods in Fig. 3, one can
realize that XGBoost shows superior performance on the enzyme met-
agenomic data; and the SKB feature selection methods show superior
performance on the species and pathway metagenomic data. On the
other hand, the use of the XGBoost feature selection algorithm for
enzyme data and the SKB algorithm for species and pathway data im-
proves the performance in CRC prediction from metagenomic data. The
species, enzymes, and pathways that we have identified as potential
biomarkers are confirmed by studies in the related literature, enlight-
ening their association with CRC. It is believed that the method devel-
oped by the present study will make an important contribution to the
future studies of colorectal cancer.
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