Awvailable online at www.ijournalse.org

L]
il EMERGING SCIENCE JOURNAL

(ISSN: 2610-9182)

L] ‘ Emerging Science Journal

EMERGING SCIENCE JOURNAL

Vol. 9, No. 6, December, 2025

Feature Transformation on Big Data for Species Classification
in Machine Learning

Li Wen Yow o, Lee Yeng Ong ! 2®, Joon Liang Tan 1%

I Faculty of Information Science and Technology, Multimedia University, Melaka 75450, Malaysia.
2 Center for Advanced Analytics, CoE for Artificial Intelligence Multimedia University, Melaka 75450, Malaysia.
3 Center for Intelligent Cloud Computing, CoE for Advanced Cloud, Multimedia University, Melaka 75450, Malaysia.

Keywords:
Big Data;
Bioinformatics;

Abstract

Classification of bacterial species, particularly for closely related taxa, remains a major challenge in
many areas, e.g., public health, food industries, and many others. The issues are mainly caused by
overlapping genetic features of organisms and data complexities. In this study, a bacterial taxonomic ~ Feature Selection;
identification framework that integrates genome-derived motif sequences with machine learningwas  Machine Learning;
introduced. Two hundred and forty genome sequences from Salmonella enterica, representing six
subspecies and ten serovars, were used for modelling. Sequence motifs were predicted from single-
copy orthologous core genes of the downloaded genomes. Single nucleotide polymorphisms (SNPs)
within these motifs were extracted and numerically encoded as machine learning features. The 20
top-most informative predictors from feature selections were used for model training in Random . .
Forest and Support Vector Machine. Comparing the output from multiple analyses, the Random Article History:
Forest model achieved the highest accuracy of 97.92%, demonstrating reliable differentiation of

Sequence Motifs.

Salmonella at both subspecies and serovar levels. This research presents two key innovations: i) the ~ Received: 23 May 2025
use of sequence motifs as molecular signatures for bacterial classification; ii) a novel feature Revised: 21 November 2025
engineering method that transforms genome-derived data into machine learning-readable features.

The proposed framework offers a practical and scalable solution for fine-level bacterial classification Accepted: 28 November 2025
and has high potential to be applied for other microbial taxa. Published: 01 December 2025

1- Introduction

The exponential growth of data has introduced new challenges in resolving bacterial taxonomy, revealing
complexities in bacterial relationships that challenge the traditional classification frameworks. The early classification
systems relied on phenotypic characteristics and biochemical tests as fundamental approaches [1, 2]. Although the
methods are useful for basic differentiation, they lack the resolution to distinguish genetically similar bacterial strains.
Advances in molecular biology later introduced targeted DNA analysis methods such as 16S ribosomal RNA (rRNA)
sequencing [3-7] and Multi-Locus Sequence Typing (MLST) [8-10], which significantly improved taxonomic accuracy
at broader levels. However, these techniques still fall short of resolving fine-scale relationships, such as those at the
subspecies or serovar level [3, 4, 8, 11-13]. The increasing number of reports on taxonomic misclassification and
proposals on taxonomic revision indicate the limitations in conventional classification systems, particularly in
distinguishing closely related bacterial strains that may exhibit distinct pathogenic or ecological properties [14-17]. The
limitations have driven an urgent need for more sophisticated classification approaches in clinical and epidemiological
contexts. Whole genome sequencing (WGS), that is, achieving the genome of organisms, marked a pivotal advancement
in microbial genomics [18-20]. While WGS provides unprecedented detail for taxonomic analysis, the volume, size, and
complexity of genomic data present significant computational challenges [21, 22]. Moreover, contemporary methods

* CONTACT: jltan@mmu.edu.my
DOI: http://dx.doi.org/10.28991/ES]-2025-09-06-09

© 2025 by the authors. Licensee ESJ, Italy. This is an open access article under the terms and conditions of the Creative
Commons Attribution (CC-BY) license (https://creativecommons.org/licenses/by/4.0/).

Page | 3017


http://www.ijournalse.org/
http://dx.doi.org/10.28991/ESJ-2025-09-06-09
http://dx.doi.org/10.28991/ESJ-2025-09-06-09
https://orcid.org/0009-0003-4996-9947
https://orcid.org/0000-0003-4749-3490
https://orcid.org/0000-0002-8241-1879

Emerging Science Journal | Vol. 9, No. 6

often struggle to distinguish meaningful taxonomic signals from genomic noises [23, 24], resulting in ambiguous
relationships among closely related species. However, the risks can be reduced with proper classification modeling and
with the use of features sampled from genomic data.

Machine learning has emerged as a tool to address the stated challenges in genomics. By leveraging algorithms that
can learn from data, machine learning methods can analyze large genomic datasets, identify patterns, and improve
classification accuracy. These algorithms can manage high-dimensional data and extract meaningful features from
complex genome sequences [25-28], making the data well-suited for modern microbial taxonomy. Despite its potential,
most current applications of machine learning in bacterial classification focus either on entire genomes or on generic
features like k-mers, 16S, or MLST, which may not fully capture the evolutionary signals for high-resolution taxonomy
classification. In this context, we developed a classification framework using Salmonella enterica as model data.
Salmonella enterica was selected for its complex taxonomic hierarchies and its impact on the current public health
concerns [17, 29]. The genus encompasses numerous serovars with distinct pathogenic profiles, presenting a fine-scale
classification challenge that available methods struggle to resolve [30-32].

Our framework introduces a biologically grounded approach by extracting conserved sequence motifs from single-
copy core orthologs as molecular markers. Single nucleotide polymorphisms (SNPs) within the predicted motifs were
identified and transformed into machine-readable formats through numerical encoding. These motif-specific SNP
patterns serve as features for model training. This approach enables the classification of closely related bacterial strains
using a smaller yet informative subset of genomic data. By focusing on evolutionarily and functionally relevant regions,
the method balances interpretability and accuracy. The framework design and principles are expandable across different
bacterial genera, offering a solution for modern taxonomic research. It contributes to microbial taxonomy by converting
complex genomic information into structured, interpretable features suitable for machine learning applications.

2- Methodology

The research framework implemented in this study consisted of two major phases: bioinformatics processing and
machine learning implementation (Figure 1). This workflow enables systematic analysis from raw genomic data to final
classification.

(A)

(B) = 1-SNE Analysis
« BLAST Analysis of Selected Features
« Features Importance Analysis
» Feature Transformation « Random Forest (RF) * Taxenomic Verification of
« Feature Scaling = Support Vector Machine (SVi) Misclassified Strains

Feature Engineering Model Selection and Training Downstream Analysis
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« Motif Alignments « Embedded Method « Accuracy, Precision,

+ Remove Low Quality + Filter Mathod Recall, Fl-score
Features « Confusion Matrix

* Remove Identical « K-Fold Cross-Validation
Features + Learning Curve Analysis

Figure 1. Workflow for bacteria species classification integrating bioinformatics processing and machine learning analysis. (A)
Bioinformatics workflow for whole genome sequence analysis encompasses five key steps: (1) NCBI: retrieval of whole genome
sequences; (2) Prokka: genome annotation; (3) OrthoFinder: orthology prediction and grouping; (4) MEME: motif searching within
orthogroups; and (5) Excel: compilation of motif information across strains. This process transforms raw genomic data into
structured feature sets. (B) Machine learning pipeline builds upon the extracted features through six key stages: Feature
Preprocessing, Feature Engineering, Feature Selection, Model Selection and Training, Model Evaluation and Prediction, and
Downstream Analysis. Each stage incorporates specific methodologies crucial for developing an accurate classification model.
Together, these workflows demonstrate the complete process from raw genomic data acquisition to final classification model
development, providing a framework for bacterial species classification using whole genome sequence data.
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2-1-Data Acquisition

In this study, genomes from the members of Salmonella enterica were used for the framework development. Genome
sequences representing diverse Salmonella enterica serovars were obtained from the Reference Sequence (RefSeq) [33]
and GenBank databases [34] hosted by the National Center for Biotechnology Information (NCBI).

The dataset was carefully curated to ensure the inclusion of a diverse representation of Salmonella’s diversity and to
avoid potential clonal bias. Strains from multiple sources, such as data submitted by the Centers for Disease Control and
Prevention (CDC), the Food and Drug Administration (FDA), and disease control centers worldwide, were downloaded
for the modelling purposes. Complete genomes were prioritized and downloaded in FASTA format.

DNA instead of protein was chosen as the genetic material for this research for its advantageous properties: i) DNA
can effectively preserve genetic information, ensuring the integrity of the data [35]. ii) DNA is directly connected to
genetic makeup for evolutionary studies, making it a suitable choice for this bacterial classification research [36]. iii)
DNA has the capacity to precisely capture mutational events [37], which is crucial for understanding the genetic diversity
within the Salmonella enterica species.

2-2- Feature Extraction: Orthology Search and Motifs Prediction

All the downloaded genomes were subjected for annotation in Prokka [38]. The annotated gene files were
subsequently used for orthology prediction in OrthoFinder [39]. OrthoFinder utilizes sequence similarity-based
searching to define orthologous genes across the predicted pangenome. Single-copy core sequences were identified and
extracted for motifs prediction. Motifs are short, specific sequences of DNA or protein that often serve important
functions. MEME [40] was used to identify recurring patterns or motifs within a dataset. The parameters for motif
prediction in MEME were set as follows: -dna, -nmotifs 5, -minw 8, -maxw 50, -minsites 2. The predicted motifs were
extracted from the single-copy orthologous sequences from each of Salmonella enterica strain. These motifs served as
the features for further processing and analyses.

2-3- Feature Preprocessing

Feature preprocessing is an important step to prepare raw data into an appropriate data matrix for analyses. In this
study, the extracted motifs underwent a series of preprocessing steps using an inhouse Python script. The steps include
alignment of motifs for gap filling, removal of features with high missing values, and elimination non-informative
features.

Motifs were first extracted from output files yielded from MEME. An E-value lower than 0.05 was set to filter the
motifs. Each motif from individual orthologous sets were treated independently and aligned in the MUSCLE algorithm
[41]. The alignment created motifs of equal lengths by adding “-” for INDEL events. The aligned motifs were then
organized into a 2-dimensional matrix where rows represent different samples and columns represent the features (motifs
sequences). To achieve consistency, the “-” symbols were replaced with “N” to represent nucleotide deletions or gaps.
Individual feature was further inspected for “N” frequency greater than 5% and identical features in single column were
filtered. A class label column was added to represent the different classes of subspecies and serovar.

2-4- Feature Engineering

Feature engineering involves the step in transforming data into a machine learning readable format. The
transformation first tokenized the feature sequences that was originally represented in ATCG format as “A”=1, “T"=2,
“C”=3 and “G”=4. Alignment gaps “N” were treated as the fifth character (“N”=5) in tokenization step. Subsequently,
the “Subspecies” column was encoded using the LabelEncoder function (Appendix I: Figure S1).

The process was preceded by screening for Single Nucleotide Polymorphisms (hereafter referred to as SNPs) or
informative sites from the raw feature matrix. Each column in the matrix represents a motif feature, and each row
corresponds to a sample (strain). The SNPs extraction process was performed by detecting non-identical numerical by
comparing different rows of individual columns. To standardize the process, a representative sequence was selected as
a reference. Each row (sample) in a given motif column was compared against this reference to identify SNP positions.
Once the variant positions were determined, the nucleotides at these positions were extracted and concatenated into a
string, generating a unique numeric SNP pattern for each sample. For example, in OG0001278_motif_2 column, SNP
positions were found at indices 1, 4, 13, 26, and 43. The resulting SNP pattern for the class “0” is 24332, while for the
class “11”, had a pattern of 21332, clearly indicating genetic differentiation between classes (Figure 2). This process
was iterated for each of the subsequent columns until all features were processed. By extracting the unique feature
patterns from the various motif features, the code could capture the distinctive genetic variations associated with each
label class. This information is invaluable for further analysis, as it aids in understanding the underlying genomic
differences among the diverse label groups represented in the dataset.

Page | 3019



Emerging Science Journal | Vol. 9, No. 6

The approach is designed with a modular structure involving sequence alignment, SNP position identification, and
numerical encoding, which makes it theoretically scalable to longer sequences or more complex organisms. By focusing
on informative regions (motifs) rather than entire genomes, the method reduces data dimensionality and computational
resources. The methodology can be adapted and extended to support broader applications beyond bacterial genomes.

Row Header Subspecies 0G0001278_motif_2
Agona_1 0 [1.)2|4,2,4]3,4,3,2,1,3,2,1,3/2,2,1,1,1,3,4,4,2,1,2,4,(3|2,4,2,2,2,4,1,1,1,3,4,4,1,1,4,4,)2|1,4,3,4, 1, 1]
Agona_10 0 [1.)2]4,2,4]3,4,3,2,1,3,2,1,3/2,2,1,1,1,3,4,4,2,1,2,4,(3| 2,4,2,2,2,4,1,1,1,3,4,4,1,1,4,4,)2|1,4,3,4, 1, 1]
Agona_11 0 [1,)2|4,2,4/3,4,3,2,1,3,2,1,3/2,2,1,1,1,3,4,4,2,1,2,4,3|2,4,2,2,2,4,1,1,1,3,4,4,1,1,4,4,)2|1,4,3,4, 1, 1]
Schwarzengrund_1 7 [1.)2]4,2,4/3,4,3,2,1,3,2,1,/3/2,2,1,1,1,3,4,4,2,1,2,4,3| 2,4,2,2,2,4,1,1,1,3,4,4,1,1,4,4,13|1,4,3,4, 1, 1]
Schwarzengrund_10 7 [1.)2]4, 2,4/ 3,4,3,2,1,3,2,1,/3/2,2,1,1,1,3,4,4,2,1,2,4,3| 2,4,2,2,2,4,1,1,1,3,4,4,1,1,4,4,13|1,4,3,4, 1, 1]
Schwarzengrund_11 7 [1.2]4, 2,4, 3,4,3,2,1,3,2,1,32,2,1,1,1,3,4,4,2,1,2,4,3| 2,4,2,2,2,4,1,1,1,3,4,4,1,1,4,4,13| 1,4,3,4, 1, 1]
arizonae_1 1 [1.)2|4,2,)1]3,4,3,2,1,3,2,1/3/2,2,1,1,1,3,4,4,2,1,2,4,3|2,4,2,2,2,4,1,1,1,3,4,4,1,1,4,4,2|11,4,3,4,1,1]
arizonae_10 m [1.2|4,2,)1]3,4,3,2,1,3,2,1)3/2,2,1,1,1,3,4,4,2,1,2,4,3|2,4,2,2,2,4,1,1,1,3,4,4,1,1,4,4,)2|11,4,3,4,1,1]
arizonae_11 " [1,2|4,2,)1]3,4,3,2,1,3,2,1,3/2,2,1,1,1,3,4,4,2,1,2,4,3|1 2,4,2,2,2,4,1,1,1,3,4,4,1,1,4,4,]2|11,4,3,4,1,1]
diarizonae_1 12 [1,)2|4, 2,4, 3,4,3,2,1,3,2,1)2/2,2,1,1,1,3,4,4,2,1,2,4,3|2,4,2,2,2,4,1,1,1,3,4,4,1,1,4,4,)2|11,4,3,4,1,1]
diarizonae_10 12 [1,)2|4,2,)4]3,4,3,2,1,3,2,1,2/2,2,1,1,1,3,4,4,2,1,2,4,3|2,4,2,2,2,4,1,1,1,3,4,4,1,1,4,4,12|11,4,3,4,1,1]
diarizonae_11 12 [1,)2|4,2,)4]3,4,3,2,1,3,2,1,2/2,2,1,1,1,3,4,4,2,1,2,4,3|2,4,2,2,2,4,1,1,1,3,4,4,1,1,4,4,12|11,4,3,4,1,1]
indica_1 15 [1.,2|4,2,)4]3,4,3,2,1,3,2,1,2/2,2,1,1,1,3,4,4,2,1,2,4,121 2,4,2,2,2,4,1,1,1,3,4,4,1,1,4,4,]2|11,4,3,4,1,1]
indica_10 15 [1,2]4,2,)4]3,4,3,2,1,3,2,1,3[2,2,1,1,1,3,4,4,2,1,2,4,2( 2,4,2, 2,2,4,1,1,1,3,4,4,1,1, 4,4,]2| 1,4,3,4, 1, 1]
indica_11 15 [1,)2]4,2,)4]3,4,3,2,1,3,2,1,3[2,2,1,1,1,3,4,4,2,1,2,4,2 2,4,2,2,2,4,1,1,1,3,4,4,1,1, 4,4,]2| 1,4,3,4, 1, 1]
salamae_13 16 [1,)3]4,2,)4]3,4,3,2,1,3,2,1,2[2,2,1,1,1,3,4,4,2,1,2,4,3( 2,4,2,2,2,4,1,1,1,3,4,4,1,1, 4,4,13| 1,4,3,4, 1, 1]
salamae_14 16 [1.2|4,2)413,4,3,2,1,3,2,1,3]2,2,1,1,1,8,4,4,2,1,2,4,3/2,4,2,2,2,4,1,1,1,3,4,4,1,1,4,4,12/ 1,4, 3,4, 1, 1]
salamae_15 16 [1.)2]4,2)4]3,4,3,2,1,3,2,1,3]2,2,1,1,1,3,4,4,2,1,2,4)3]2,4,2,2,2,4,1,1,1,3,4,4,1,1,4,4,]3/1,4,3,4, 1, 1]
Position 1 4 13 26 43
Row Header Subspecies SNP_0G0001278_motif_2
Agona_1 0 24332
Agona_10 0 24332
Agona_11 0 24332
arizonae_1 11 21332
arizonae_10 11 21332
arizonae_11 11 21332

Figure 2. Illustration of the SNP pattern extraction process, showing the transformation of nucleotide sequences into
numerical format and subsequent identification of informative sites. Example shows distinct SNP patterns (24332 vs 21332)
for different classes.

A streamlined DataFrame was created based on the targeted features. The DataFrame included the ‘Row Header’ (sample
label), ‘Subspecies’ (class label), and all columns starting with ‘SNP_’, which contained the extracted SNPs feature. The
raw feature was excluded from this consolidated view of the data (Appendix II: Table S1). The transformed features were
treated as numeric data and StandardScaler from scikit-learn was used to convert the features into a standardized range for
the feature selection stage. This step is crucial to ensure that the features are scaled to a comparable range because many
machine learning algorithms are sensitive to the relative scale of the input features.

2-5- Feature Selection

Feature selection was performed to identify informative predictors for the bacterial species classification tasks. In this
study, filter and embedded feature selection methods were evaluated for their capability of selecting suitable features for
classification purposes.

I. Embedded Method

The SelectFromModel method, an embedded feature selection technique, was employed in this study. This approach
integrates feature selection into the model training process, leveraging the Random Forest Classifier to assess feature
importance and select the most significant predictors.

The feature selection process involved running the Random Forest classifier over 100 iterations. During each iteration,
the dataset was split into training and testing sets, and the Random Forest model was trained on the training data. The
SelectFromModel method was then applied, using the mean feature importance as the selection threshold. The indices of
the chosen features were recorded, and their counts were incremented accordingly. The embedded feature selection
approach resulted in six distinct sets of selected features: Top 100, Top 50, Top 30, Top 20, Top 15 and Top 10. These
feature sets were used to train machine learning models for the classification of Salmonella enterica, with the aim of
identifying the set that yields the best machine learning’s evaluation metrics.

I1. Filter Method

On the other hand, a filter-based feature selection approach was also employed, using the SelectKBest method. Three
different score functions were utilized: ANOVA F-value (f_classif), Mutual Information (mutual_info_classif), and Chi-
Squared Test (chi?). These score functions were selected to leverage their distinct capabilities in identifying relevant
features for the classification task.
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The ANOVA F-value is suitable for continuous features when the target variable is categorical, as it measures the
statistical significance of the relationship between the feature and the target. The Mutual Information score can be applied
to both categorical and continuous features, capturing the amount of information gained about one variable through the
other, including non-linear relationships. The Chi-Squared Test is particularly effective for categorical features, assessing
the independence between the feature and the target variable [42].

A range of k values representing the number of top-ranked features to be selected was evaluated. For each k value, the
SelectKBest method was used to identify the most significant features based on the respective score function. Subsequently,
a Random Forest classifier and a Support Vector Machine were initialized, and a 10-fold cross-validation was performed
to assess the accuracy of the models on the selected features. The mean cross-validation accuracy scores were recorded for
each k value and score function, enabling analysis of the optimal number of features for the final classification model. The
best-performing k value for each score function was identified, and the corresponding top features were selected for training
the machine learning models to classify Salmonella enterica.

This multi-faceted feature selection approach, leveraging the strengths of different score functions, provided a robust
framework for identifying the most relevant features for the classification task, ultimately enhancing the performance of
the machine learning models.

2-6- Model Selection and Training

The selected feature dataset was split into training and testing sets using the train_test_split function. A test size of
48 was selected, maintaining 80:20 training-to-testing ratio. To ensure the relative proportions of each Salmonella
enterica subspecies and serovar class were retained in both the training and testing sets, the stratify=y parameter was
used during the split. The y variable, which represents the ‘Subspecies’ target label, served as a basis for the stratified
split. This approach helped to avoid skewed representation of the classes, which could have negatively impacted the
model’s ability to generalize and learn the underlying patterns.

Two machine learning algorithms, Random Forest (RF) and Support Vector Machine (SVM), were evaluated for
their effectiveness in the species classification modelling. To optimize the model hyperparameters, the GridSearchCV
and RandomizedSearchCV functions from scikit-learn were employed. These techniques systematically explored a range
of hyperparameter values, identifying the best-performing configurations for each model.

2-7-Model Evaluation and Prediction

The trained models were evaluated for their effectiveness using various metrics: accuracy, precision, recall, F1-score,
confusion matrix, K-Fold Cross-Validation, and learning curve analysis. These metrics provided insights into the
models’ performance and their ability to classify the bacterial species.

The accuracy score on the testing set was calculated to assess the models’ predictive capabilities. The confusion
matrix was then used to analyze the distribution of true and false positives and negatives, offering deeper insights into
the models’ classification patterns. To evaluate the robustness and generalization of the models, K-Fold Cross-
Validation was performed, which functionally to validate the consistency of the models’ performance across multiple
iterations. Furthermore, learning curve analysis was conducted to understand the models’ learning behaviour and
identify any potential issues, such as overfitting or underfitting. This analysis provided valuable information about the
models’ ability to learn from the training data and generalize to new, future samples.

2-8-Selected Features Analysis

A T-distributed Stochastic Neighbor Embedding (t-SNE) was employed to visualize the clustering based on the top
feature set. This technique uncovers patterns and outliers within the dataset, enabling the identification of trends and
relationships that clarify the data’s variations. Additionally, a feature importance analysis has been conducted, ranking
the features based on their significance. The Basic Local Alignment Search Tool (BLAST) has also been utilized to
analyse the genes associated with the top-ranked features. This analysis predicts identity of genes and their encoded
proteins.

3- Result

3-1- Input Matrices

A total of 240 Salmonella enterica genomes were selected (Appendix II: Table S2), consisting of 15 samples from
each of the six selected subspecies and top ten commonly reported serovars from S. enterica subsp. enterica. The classes
for the machine learning modelling made up of the 16 subspecies and serovars:

o Salmonella enterica subsp. arizonae,

o Salmonella enterica subsp. diarizonae,
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o Salmonella enterica subsp.
¢ Salmonella enterica subsp.
o Salmonella enterica subsp.
o Salmonella enterica subsp.
e Salmonella enterica subsp.
¢ Salmonella enterica subsp.
¢ Salmonella enterica subsp.
¢ Salmonella enterica subsp.
e Salmonella enterica subsp.
o Salmonella enterica subsp.
o Salmonella enterica subsp.
¢ Salmonella enterica subsp.

enterica,

houtenae,

indica,

salamae,

enterica serovar Typhimurium,
enterica serovar Enteritidis,
enterica serovar Newport,
enterica serovar Typhi,
enterica serovar Infantis,
enterica serovar Agona,
enterica serovar Heidelberg,

enterica serovar Dublin,
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o Salmonella enterica subsp. enterica serovar Montevideo, and
o Salmonella enterica subsp. enterica serovar Schwarzengrund.

Each Salmonella genome has an approximate size of 5 million base pairs (5x10° characters). The annotation predicted
1,131,569 genes in the 240 genomes (16 classes x 15 sample in each class) and further clustered into 22,864 families. A
total of 1435 single-copy core genes were predicted and resulted in 1,244,719 nucleotides per strain. From the 1435
families, 7122 motifs were identified, generating a 240 x 7122 matrix. The preprocessing steps further reduced the data
to a 240 x 5256 matrix.

3-2- Model Performance Metrics

The performances of Random Forest (RF) and Support Vector Machine (SVM) classifiers indicated distinct metrics
across different feature selection methods (Table 1). Both models demonstrated varying levels of effectiveness in
classifying Salmonella enterica.

Table 1. Random Forest VS SVM: Performance Comparison

Classifier Feature Selection Method  #Features Selected (ﬁcrftt';i% A(x_(l:_%unr:(;:)y Precision Recall F1-Score
Random Forest Embedded - Top 100 100 0.9792 0.9792 0.98 0.98 0.98
Random Forest Embedded - Top 50 50 0.9792 0.9792 0.98 0.98 0.98
Random Forest Embedded - Top 30 30 0.9792 0.9792 0.98 0.98 0.98
Random Forest Embedded - Top 20 20 0.9792 0.9792 0.98 0.98 0.98
Random Forest Embedded - Top 15 15 0.9167 0.9167 0.88 0.92 0.89
Random Forest Embedded - Top 10 10 0.6875 0.6875 0.70 0.69 0.65
Random Forest ANOVA F-value 200 0.9792 0.9792 0.98 0.98 0.98
Random Forest Mutual Information 100 0.9792 0.9583 0.98 0.98 0.98
Random Forest Chi-Squared 100 0.9583 0.9375 0.97 0.96 0.96

SVM Embedded - Top 100 100 0.9375 0.9792 0.95 0.94 0.94
SVM Embedded - Top 50 50 0.8958 0.9167 0.92 0.90 0.90
SVM Embedded - Top 30 30 0.8125 0.9375 0.77 0.81 0.78
SVM Embedded - Top 20 20 0.8542 0.8958 0.80 0.85 0.82
SVM Embedded - Top 15 15 0.6458 0.7708 0.67 0.65 0.61
SVM Embedded - Top 10 10 0.4583 0.5417 0.52 0.46 0.43
SVM ANOVA F-value 200 0.8542 0.8542 0.81 0.85 0.82
SVM Mutual Information 100 0.8958 0.9792 0.87 0.90 0.87
SVM Chi-Squared 100 0.6667 0.7292 0.59 0.67 0.60

The Random Forest classifier exhibited consistent performance across most feature selection methods. Using
Embedded feature selection methods (Top-ranked 100, 50, 30, and 20 features, hereafter referred to as Top <#selected
features>), the RF model maintained an accuracy of 0.9792, with corresponding precision, recall, and F1-scores of 0.98.
Similar performance was achieved with ANOVA F-value (0.9792) and Mutual Information (0.9792) feature selection
methods. However, performance began to decline with Embedded - Top 15 features (accuracy 0.9167), and a significant
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drop was observed with Embedded - Top 10, where accuracy decreased to 0.6875. The decline emphasizes the
importance of maintaining an adequate feature set size, as excessive feature reduction can lead to information loss and
reduced classification performances.

The SVM model showed improvements when comparing untuned versus tuned configurations across various feature
selection methods. With the Embedded - Top 100 method, accuracy improved from 0.9375 to 0.9792, while the Mutual
Information method showed a significant improvement from 0.8958 to 0.9792 after tuning. Similar improvements were
observed with other feature sets: Top 50 improved from 0.8958 to 0.9167, and Top 30 increased from 0.8125 to 0.9375.
However, the SVM model struggled with reduced feature sets, particularly with Embedded - Top 10, where accuracy
remained low at 0.5417 even after tuning. This pattern highlights the model’s sensitivity to feature selection, indicating
that a reduced number of features may not provide sufficient information for effective predictions.

The comparisons on the frameworks highlighted the influence of feature selection strategies on the performance of
the machine learning. The performance of Random Forest model was stable across various sizes of feature sets, as
compared to the SVM classifier, which has shown higher sensitivity on the choice of features. Both models reinforced
the importance of feature selection in bioinformatics classification tasks, where the type and number of features greatly
influenced taxonomy predictions. To assess the models’ stability and generalization capability, K-Fold Cross-Validation
was implemented across all feature selection methods (Table 2). The validation approach involved splitting the dataset
into subsets for iterative training and validation, providing a more reliable assessment than a single train-test split. A 10-
fold cross-validation was applied to both untuned and tuned Random Forest and SVM models to reduce bias and mitigate
overfitting. The Random Forest model consistently achieved high accuracy across all feature selection methods, with
scores between 0.95 and 0.97 for the Top 20 to Top 100 features. In contrast, the SVM model showed greater
improvement after tuning, particularly with smaller feature sets, boosting accuracy from 0.78 to 0.91 with the Top 20
features. However, performance dropped significantly with very small feature sets, indicating reduced robustness.
Overall, both models demonstrated minimal performance variance across folds, supporting the reliability of the proposed
classification framework.

Table 2. Ten-Fold Cross Validation: Random Forest VS SVM Performance

Model Feature Selection Method (19\&"'3936%%3% d) (ﬁ)\{?:ﬁ?jex%tﬁ?é)
Random Forest Embedded - Top 100 0.95 0.95
Random Forest Embedded - Top 50 0.95 0.96
Random Forest Embedded - Top 30 0.97 0.95
Random Forest Embedded - Top 20 0.96 0.96
Random Forest Embedded - Top 15 0.91 0.92
Random Forest Embedded - Top 10 0.69 0.71
Random Forest ANOVA F-value 0.94 0.92
Random Forest Mutual Information 0.94 0.94
Random Forest Chi-Squared 0.94 0.93

SVM Embedded - Top 100 0.92 0.95

SVM Embedded - Top 50 0.89 0.92

SVM Embedded - Top 30 0.84 0.89

SVM Embedded - Top 20 0.78 0.91

SVM Embedded - Top 15 0.58 0.78

SVM Embedded - Top 10 0.38 0.55

SVM ANOVA F-value 0.50 0.79

SVM Mutual Information 0.91 0.93

SVM Chi-Squared 0.37 0.63

3-3-Confusion Matrix

The Random Forest model with Embedded - Top 20 emerges as the best choice for further analysis, showing high
accuracy score and consistent performance metrics in classifying Salmonella enterica subspecies and serovar classes
with a minimal set of features. This model was selected for detailed analysis using confusion matrices to examine its
classification patterns across different Salmonella enterica subspecies and serovars.

The confusion matrix (Figure 3) provides insights into the model’s classification performance, revealing the
distribution of predictions across all classes. With three samples per class in the testing dataset, the matrix’s diagonal
elements represent successful classifications. The model demonstrated a near-perfect classification accuracy, correctly
identifying all three samples in most categories. However, one misclassification occurred where a sample from class 2
(serovar Enteritidis) was incorrectly assigned to class 10 (serovar Typhimurium). Despite this single error, the overall
performance remained strong, with an accuracy of 0.9792, validating the model’s effectiveness for bacterial species
classification tasks.
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Confusion Matrix for Embedded Method - Random Forest (Hyperparameter Tuni3n§)
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Figure 3. Confusion matrix of Random Forest model for Salmonella identification using Embedded-Top 20 features,
showing high accuracy with one misclassification

3-4-Learning Curve Analysis

Learning curve analysis was conducted to evaluate model generalization capabilities and identify potential overfitting
or underfitting patterns in the classification models. The analysis compared the performance characteristics of two
optimized classifiers: Random Forest and Support Vector Machine (SVM), both implementing Embedded - Top 20
feature selection (Figure 4).

(A) Learning Curve for Embedded Method - Random Forest (Hyperparameter Tuning)
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(B) Learning Curve for Embedded Method - Support Vector Machine (Hyperparameter Tuning)
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Figure 4. Learning curves of the optimized Random Forest and Support Vector Machine models with Embedded-Top 20 features.
(A) Random Forest model demonstrates high training scores (~1.0) and improving validation performance (0.57 to 0.95), with
convergence between training and validation scores indicating effective learning and good generalization capabilities. (B) SVM model
exhibits high training scores (~0.98) but shows slower improvement in validation performance (0.48 to 0.9), characterized by a
persistent gap between training and validation scores, suggesting different learning dynamics compared to Random Forest.
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The Random Forest model demonstrated strong learning behaviour, achieving consistent training scores
(approximately 1.0) throughout the learning process. More importantly, its validation performance showed improvement
from 0.57 to 0.95 as training data increased, with training and validation scores ultimately converging. This pattern,
particularly evident at larger training sizes, indicates effective generalization capabilities in handling complex bacterial
genomic data.

In contrast, although the SVM model maintained high training scores (approximately 0.98), its learning dynamics
indicated potential limitations. The model exhibited a more gradual improvement in validation performance (from 0.48
to 0.90) and, notably, maintained a persistent gap between training and validation scores. This gap, was pronounced
with smaller training sets, suggests suboptimal generalization capabilities and potential underfitting issues.

The comparative analysis of these learning patterns provides quantitative evidence supporting the selection of the
Random Forest model as the optimal classifier for bacterial species identification, demonstrating adaptability to the
complexity of biological sequence data.

3-5-Selected Features and Functional Analysis

The Random Forest (RF) model with embedded feature selection identified the top 20 most discriminative features
for bacterial classification (Appendix Il: Table S3). These features showed predictive power in distinguishing bacteria
into their respective classes. Of the 20 motifs selected, they were extracted from 17 genes. Orthogroup OG0002551
contributed four distinct motifs to the feature set. This observation suggests that single genes can contain multiple
informative variation sites, each potentially influencing various aspects of protein function or regulation.

BLAST analysis was performed using the complete gene sequences of the 17 orthogroups rather than individual
motifs because full-length genes provide more sequence context and yield statistically robust matches in homology
searches. The analysis revealed sequence conservation across different bacterial strains (Table 3), with 14 out of 17
proteins demonstrating 100% sequence identity to known bacterial proteins. The remaining three proteins showed lower
identity values (98.85-99.48%) with e-values ranged from 0.0 to 6e-111.

Table 3. BLAST Analysis Results of Top Selected Features

Selected Features Protein Gene E value Percent Identity Accession
0G0001969 putative MutT-like protein ymfB 6e-111 100.00% CCF88280.1
0G0001324 bacterioferritin-associated ferredoxin - 2e-36 100.00% EAN8508535.1
0G0002646 protease modulator HfIC hflC 0.0 100.00% ECL6753627.1
0G0001679 ATP-dependent RNA helicase SrmB srmB 0.0 100.00% WP_000219174.1
0G0001322 Small gg‘s’sr‘l’&zmglug;gfeﬂ%‘? us? rpsG 3108 100.00% QUSZX6.1

0G0002551 * 4 30S ribosomal protein S20 rpsT 3e-52 98.85% WP_001518655.1
0G0002500 isoleucine tRNA synthetase ileS 0.0 100.00% AAX63946.1
0G0002819 FOF1 ATP synthase subunit alpha atpA 0.0 100.00% WP_001176751.1
0G0001645 glutamate--cysteine ligase - 0.0 100.00% ESF02326.1
0G0002023 L,D-transpeptidase family protein - 0.0 100.00% WP_000817060.1
0G0002227 very short patch repair endonuclease - 3e-111 100.00% WP_000785978.1
0G0002173 zinc ABC transporter permease subunit ZnuB znuB le-134 98.85% EAA7245923.1
0G0002326 DUF1479 domain-containing protein - 0.0 100.00% WP_000210948.1
0G0002110 cytochrome bd-11 oxidase subunit 1 appC 0.0 100.00% WP_000263612.1
0G0002528 3-isopropylmalate dehydratase small subunit leuD 3e-147 100.00% WP_000818267.1
0G0002228 DNA cytosine methyltransferase - 0.0 100.00% WP_001157300.1
0G0001434 divisome-associated lipoprotein YraP yraP 4e-119 99.48% ENG9187551.1

Feature importance analysis revealed patterns in the predictive power of these motifs. Among the 20 selected features
(Appendix Il: Table S4), SNP_0G0002326_motif 3 emerged as the most significant predictor with an importance score
of 0.1123, followed by SNP_0G0002228_motif 5 (0.1064) and SNP_0G0002528 motif 2 (0.0961). Despite having
multiple motifs selected by the model, features from OG0002551 showed lower impact on predictions, with
SNP_0OG0002551_motif_1 (0.0043), SNP_OG0002551_motif_2 (0.0047), and SNP_OG0002551_motif_5 (0.0050)
displaying the lowest importance scores. This suggests that while a gene may contain multiple informative motifs, their
contributions to classification accuracy are varies.
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Evolution theory highlights the concept of nucleotide mutation for adaptation. Functional characterization of the
high-ranked features from this study showed the possible association of motif sequence variations with their biological
adaptation in different subspecies/serovars. The highest-ranked feature, SNP_0G0002326_motif 3, corresponds to a
DUF1479 domain-containing protein, important for regulating bacterial physiology and biofilm formation [43]. The
second most influential feature, SNP_0G0002228_motif 5, was identified within the DNA cytosine methyltransferase
gene, indicating its involvement in epigenetic modifications and gene regulation [44, 45]. The third-ranked feature,
SNP_0G0002528_motif_2, mapped to the 3-isopropylmalate dehydratase small subunit, highlighting the importance of
amino acid biosynthesis pathways [46] in distinguishing bacterial strains.

3-6- t-SNE Visualization of Subspecies and Serovar Clustering based on Selected Features

To analyze the discriminative power of the selected features, a t-SNE analysis was performed, revealing distinct
genetic boundaries among Salmonella taxa and supporting the feature selection approach through a clear separation at
the subspecies level (Figure 5). On the other hand, the clustering patterns among serovars provide insights into their
close evolutionary relationships. The overlapping distributions between serovars indicate shared ancestral lineages or
convergent evolution under similar selective pressures. These patterns are relevant for understanding virulence
mechanisms and host specificity among closely related strains. This visualization demonstrates the genetic relationships
within Salmonella and highlights areas for future research. Further investigation of the genetic elements driving these
clustering patterns could reveal mechanisms underlying pathogenicity and host adaptation, advancing our understanding
of Salmonella diversity and evolution.

t-SNE Visualization of the Sub ies and Serovar Clusters
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Figure 5. t-SNE visualization of Salmonella subspecies and serovar clustering patterns based on Embedded-Top20 dataset.
Individual points represent samples, color-coded by subspecies/serovar classification. Subspecies arizonae, diarizonae,
houtenae, and indica form distinct clusters (circled with grey), while salamae shows dispersed distribution. Subspecies enterica
displays widespread distribution due to its diverse serovar composition (Panama, Pullorum, Blockley etc). Among serovars,
Newport forms a distinct cluster, while Infantis-Montevideo and Typhi-Schwarzengrund show overlapping distributions.

4- Discussion
4-1- ldentification of Bacterial Species

The emergence of bacteria can be dated back to approximate 3.5 billion years ago [47]. Through the course of
evolution, bacteria speciate and have vital roles in diverse ecosystems, ranging from human pathogens and probiotics to
environment sustainability. Hence, it is important to identify the species to determine its biological potentials and threats.

Traditional biochemical methods for bacterial identification provide inexpensive, quantitative, and qualitative
insights into microbial diversity. However, these techniques are labour-intensive and time-consuming, involving
multiple steps such as media preparation, dilution, plating, incubation, counting, isolation, and characterization, often
require days to obtain results. Most importantly, traditional methods tends to yield false positives results and may fail
to deliver consistent and reliable identification of microorganisms at the species or strain level [1, 2].

The 16S ribosomal RNA (rRNA) gene has been widely used in bacterial phylogenetics and microbiome studies.
However, research within the recent decades have identified significant limitations associated with this approach and
overruled some previously defined bacterial taxonomy [3, 4, 48]. Hassler et al. (2022) [12] reported that the 16S rRNA
can exhibit considerable intragenomic heterogeneity, recombination, and horizontal gene transfer, all of which can
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compromise the reliability of speciation signals. The complexity can also be observed in some bacterial species with
multiple copies of 16S rRNA predicted originate from different identities, such as from the members of Streptococcus
and Mycobacterium [5]. In addition, although 16S rRNA serves as a gold standard in bacterial species identification,
however it could only be suitable to resolve taxonomy level of majority but not all of bacteria genera. These concept
suggest that relying solely on the 16S rRNA gene may not be sufficient for accurate bacterial identification and
phylogenetic analysis, particularly at the species or strain level [49].

Multi-Locus Sequence Typing (MLST) provides valuable insights into the phylogenetic relationships among bacteria
for species identification purpose. The concept of MLST is to maximize speciation signal through combination of
multiple genes in the bacteria for species identification purpose. However, it may be lacked of the necessary resolution
for epidemiological tracing. Research by Yan et al. (2021) [8] found that MLST often struggles to differentiate the
serotypes of bacterial isolates. This is evidenced by instances of unexpected identification of novel sequence types or
the absence of specific serovar designations within the MLST database.

Multiple reports showed genome-based identification provides a clearer resolution and separate taxonomies that were
impossible to achieve with the classical approaches [50-52]. Genome provides an advantage on screening for regions
with genuine species signals along genomes, such as genes and intergenic regions. For this study, we focused on motifs
predicted from genomes and evaluated its usefulness for species identification. Motifs are short, specific sequences of
DNA or protein that play essential roles in various biological functions. They are crucial for understanding the structure,
function, and evolution of biological molecules [40]. Motifs can represent conserved elements that interact with specific
proteins, such as transcription factors. Identifying these motifs allows researchers to gain insights into the regulatory
mechanisms governing gene expression [53]. Conserved motifs can indicate the presence of promoters, regulatory
elements, and splice junctions between protein-coding exons [54]. Given its significance, motif is hypothesised to retain
the memory of speciation (evolution) and not to be influenced by random mutation and recombination.

4-2-Previous Related Methods and Advantages of Current Research

The use of genome able to maximize the speciation signals. However, the signal can be disrupted with the
amplification of noise from within the genome and lead to species misclassification. The risk of the issue can be
minimized with a proper methodology and algorithms. The techniques in machine learning have been increasingly
applied to evaluate signals for bacterial classification purposes. Previous studies have primarily utilized imaging
techniques for bacterial classification. However, these methods pose significant challenges, including issues such as
image noise, low resolution, and size of objects. Additionally, the limited availability of high-quality datasets, along
with the small size and imbalanced nature of existing datasets, can lead to overfitting, particularly in deep learning
models [55-59]. In addition, others machine learning studies have also focused on genes markers such as 16S rRNA [60,
61], 16S rDNA [62] or MLST genes [63, 64]. However, these approaches are still unable to differentiate closely related
taxonomic levels (Table 4). Besides image and sequence datasets, spectral datasets are also commonly used in
classifying bacterial species [65-68].

Table 4. Summary of Previous Related Methods (Sequence Datasets) and Their Performance

Rgsea_rch Dataset Taxonomic Classification Reported Accuracy

Citation Level
Highest Accuracy:
Class level: Close to 100%

i Organism:  Bacteria _(Proteobacteria Amplicon (AMP) dataset at genus level: 91.3% (CNN and DBN

Fiannaca et al. phylum), using 57,788 16S gene  From class to genus level P (AMP) g $OL3% ( )

(2018) [60] sequences Lowest Accuracy:
Shotgun (SG) dataset at class level: Around 20%
Shotgun (SG) dataset at genus level: Around 85.5%

Organism: Insect (Anopheles genus, Anopheles genus: Mean correlation coefficient of 0.948

Cserhati etal. Drosophila genus, Glossina genus), . . . -
(2019) [69] using k-mer sequences (specifically k- Genus Drosophila genus: Mean correlation coefficient of 0.869

mers of lengths 7-9 base pairs) Glossina genus: Mean correlation coefficient of 0.978

Species Classification:
Read-level Precision: Mean of 0.942
. Organism: Bacteria, 2,505 bacterial Read-level Recall: Mean of 0.428
Lzlggg et;g. genomes from human gut microbiome, Species and Genus o '
(2020) [70]  \ith simulated metagenomic reads Genus Classification:
Read-level Precision: 0.969 on average
Read-level Recall: 0.866 on average
Organism: Bacteria, 1,000 sequences
Helaly etal.  from the 16S rRNA gene barcode (three Phylum, Class, Order,

(2021) [61]  bacterial ~ phyla:  Actinobacteria, Family, Genus
Firmicutes, and Proteobacteria)

Maximum accuracy of 91.7% (achieved with a deeper CNN using more
representative sequence representation) and accuracy of 90.6% (achieved
with a wide and shallow CNN using less representative representations)

Organisms: Four  superkingdoms Superkingdom (Archaea,  For Final Model Dataset:
Mock etal.  Archaea, Bacteria, Eukaryotes, and Bacteria, Eukaryota, Viruses) superkingdom: 98.62%

(2022) [71]  Viruses (full DNA sequences form Phylum Phylum: 95.10%
NCBI RefSeq) Genus Genus: 66.92%
Meharunmiisa et Organism: Bacteria, 12,508 sequences Proposed Integrated CNN-RF Model: 98.93%
from 16S ribosomal DNA (rDNA) gene Genus Standalone CNN Model: 91.95%
al. (2024) [62] 271
(371 genera) Standalone Random Forest Model: 68.78%
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Among all other related studies, Cserhati et al. [69] utilized DNA k-mers derived from whole genome sequences,
making this study particularly relevant to our research. Different from our study, the authors developed a k-mer analysis
algorithm to examine not only whole-genome sequences but also specific genomic regions, such as introns, 5° UTRs,
and 3’ UTRs, across 58 insect species from the Anopheles, Drosophila, and Glossina genera. The methodology involved
enumerating and scoring all possible k-mers (7-9 bp) in both whole-genome and subgenomic regions for each species.
The authors calculated Pearson correlation coefficients between the whole-genome k-mer signatures (WGKS) of all
species pairs and visualized the correlation matrix as a heatmap to identify clusters of closely related species within each
genus. The classification was based on the overall k-mer signatures of the genomes. Although both studies employ
similar genomic features - the authors’ k-mers and the present study’s motifs derived from whole genome sequences,
Cserhati et al.s’ [69] approach is confined to genus-level classification, whereas this research machine learning-based
framework extend the classification capability to the serovar level.

4-3-Salmonella as a Model Genus

We challenged the performance of the developed framework by using genomes from 16 subspecies/serovars of
Salmonella. Making accurate classification on pathogens is crucial for public health and food safety [72] and Salmonella
is a significant pathogen known for its potential to cause several health imapcts. Most importantly, the genetic
relatedness in Salmonella has caused many misclassifications through laboratory works and bioinformatics algorithms
[17, 73].

Traditionally, classifying Salmonella down to the serovar level requires a labor-intensive and time-consuming
serotyping process [6], which must be performed in a well-equipped laboratory by experienced personnel. This research
presents an efficient framework for classifying Salmonella into respective subspecies or serovar classes using genome
data.

4-4- Novelty of Research

Clustering based on whole genome phylogenies were generated to illustrate the effect of noise on Salmonella
classification (Appendix I: Supp S1). Both Neighbour-Joining (distance based) and Maximum-Likelihood (character
based) that were inferred using whole genome sequences showed incongruent classification for several Salmonella
strains, including: Salmonella enterica subsp. enterica serovar Enteritidis str. 92-0392 (Enteritidis_14), Salmonella
enterica subsp. salamae serovar 40:c:e,n,z15 str. 2013K-0524 (Salamae_12), Salmonella enterica subsp. salamae
serovar 48:z81:z39 str. 2015K-0023 (Salamae_13), Salmonella enterica subsp. salamae serovar 6,7:m,t:- str.
CFSAN028548 (Salamae_15), Salmonella enterica subsp. enterica serovar Montevideo str. ATCC 8387
(Montevideo_1), Salmonella enterica subsp. enterica serovar Montevideo str. USDA-ARS-USMARC-1913
(Montevideo_6), and Salmonella enterica subsp. enterica serovar Montevideo str. 4441 H (Montevideo_13). The
clustering further proven the amplification of noise able to mask genuine signal for species classification when there is
no proper screening, at least in the Salmonella genus.

One of the main challenges in Bioinformatics is data transformation into a machine learning readable format. In this
research, although the use of motifs significantly reduced sequence data into a more manageable size in machine
learning, the dimension of the data matrix is still huge. Apart from data size, compression of data into feature vectors
without loss of species information was a greater challenge. This research employed tokenization and label encoding
methods, which provide a direct and efficient way to represent both the labels and features of the data. Furthermore,
Single Nucleotide Polymorphism patterns extracted from the motif features enhance the ability to distinguish between
closely related bacteria, down to the Salmonella serovars level.

Commonly used techniques for taxonomy classification are one-hot encoding or k-mer representation [53, 60, 61,
74-76] and position weight matrix (PWM) models [77, 78]. The systematic approach to reduce the data size and feature
engineering marks this research as distinctive compared to previous studies, which often relied on partial genomic
information or less robust data transformation methods. The techniques applied in transforming features to a machine-
learning-readable format also effectively reduce data dimensionality.

Particularly noteworthy was the finding that Random Forest (RF) is particularly suitable for classification tasks using
motif sequences. Comparative analysis revealed that the Random Forest model maintained consistent performance
across various feature selection methods compared to the Support Vector Machine (SVM) model, especially when
processing larger feature sets. This performance highlights RF’s robustness in managing high-dimensional data. These
results align with existing literature indicating that Random Forest consistently delivers strong classification outcomes,
attributed to its ensemble nature, which mitigates overfitting and enhances generalization capabilities [79-81]. Despite
the strong performance of Random Forest, both models emphasized the importance of feature selection, as reducing the
number of selected features resulted in performance degradation.

The machine learning classification model identified a single instance of misclassification in the dataset. Salmonella
enterica subsp. enterica serovar Enteritidis str. 92-0392 (GCF_002761055.1), originally labelled as serovar Enteritidis
(class 2), was classified by the model as serovar Typhimurium (class 10). This discrepancy prompted further
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investigation into the cause of misclassification. The 16S rRNA and single-copy core genes phylogenies grouped the
strain to the Typhimurium clade (Appendix I: Supp S2, Figure S2; Appendix Il: Table S5). This classification was also
consistent with the NCBI database identification of Salmonella enterica subsp. enterica serovar Typhimurium str LT2
as the best match type strain for the misclassified isolate (https://www.ncbi.nlm.nih.gov/datasets/genome/GCF_002761055.1/).

Apart from the systematic feature engineering from this study, the literature search indicated limited use of motifs
for classification purposes. Moreover, there were no reports on the use of sequence motifs in machine learning. The
findings from this study further highlight the utility of evolutionary signals from sequence motifs within orthologous
genes. These motifs enable precise discrimination of bacterial taxa at finer taxonomic levels. This is in contrast with
other approaches, such as full-genome comparisons that often introduce noise, and traditional 16S rRNA marker-based
methods that frequently lack taxonomic resolution.

4-5-Selected Feature Analysis: Implications for Bacterial Classification

The current feature selection approach showed that our framework could be useful in predicting new taxonomic
markers. The current findings align with and extend previous research on established taxonomic markers. The
identification of atpA as a significant feature corroborates earlier studies [82, 83] that demonstrated its discriminatory
power as compared to the 16S rRNA sequences, particularly in distinguishing closely related Enterococcus species.
Additionally, ribosomal proteins (rpsG and rpsT) were among the selected features. Research has shown that
phylogenetic analyses based on ribosomal proteins often provide higher resolution than traditional 16S rRNA-based
methods [84, 85]. The application of rpsG in studying Phl-producing Pseudomonas strains [86] further supports the
predictive power of the framework. The analysis has also identified several candidate markers that extend beyond the
traditionally used genes. The identification of HfIC protein from this study, with its unique single-amino-acid repeat
patterns [87] suggests new possibilities for strain-level identification. Similarly, the strong performance of ileS in the
analysis aligns with recent findings demonstrating its effectiveness in classifying dairy-associated Pseudomonas [88]
indicating its broader potential as a taxonomic marker.

The varying importance levels among the identified features suggest potential utility in a hierarchical classification
approach. These features could serve as complementary markers alongside existing classification systems, enhancing
the accuracy of bacterial taxonomy. Further research and validation studies would be valuable to fully establish their
effectiveness as taxonomic markers.

5- Conclusion

This study presents a computational framework that integrates motif-based genomic analysis with machine learning
techniques to improve bacterial taxonomy classification. The framework centres on three key components: the extraction
of evolutionary sequence motifs from single-copy orthologous genes, the engineering and selection of informative SNP-
based features, and the application of machine learning algorithms - particularly Random Forest - for accurate
classification. The use of motifs not only reduces the dimension of whole-genome data but also preserves biologically
meaningful variations. This approach successfully differentiates Salmonella strains at both subspecies and serovar
levels, achieving high accuracy using a minimal feature set. Among the classifiers tested, the Random Forest model with
embedded feature selection (Top 20 features) demonstrated the most consistent performance. Although the study
focused on the Salmonella, the capability of the framework to resolve identity of strains down to the serovar level
highlight its applicability potential onto other genetically or genomically complex taxa, especially in addressing public
health concerns.
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Appendix I: Supplementary Figures

Figure S1_Sequence_Encoding; The figure displays the transformed format of DNA sequences into numerical values

(A=1, T=2, C=3, G

5) alongside the label-encoded ‘Subspecies’ column data. Both transformations illustrate

4, N=

the conversion of categorical data into numerical format required for machine learning analysis.
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Figure S1. Nucleotide sequence encoding scheme and subspecies label encoding representation.

ylogenetic_Tree; This figure illustrates the phylogenetic relationships based on 16S rRNA

16S_rRNA_Ph

Figure S2

analysis. The circular tree visualization demonstrates the genetic diversity and evolutionary distances among
Salmonella enterica serovars. The clade containing strain 92-0392 (highlighted in red) shows close genetic

relationship with Typhimurium strains, providing additional genomic evidence for serovar classification.
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Figure S2. Phylogenetic Tree Analysis Based on 16S Ribosomal RNA Sequences

Page | 3035



Emerging Science Journal | Vol. 9, No. 6

Supp S1_Whole Genome Phylogenetic Analyses of Salmonella Genomes

The Supp S1 contains the phylogenetic trees generated using both Neighbour-Joining (distance-based) and Maximum-
Likelihood (character-based) methods for the 240 complete Salmonella enterica genomes used in this research. The
phylogenetic analysis revealed incongruent classification for several Salmonella strains, including Enteritidis_14,
Salamae_12, Salamae_13, Salamae_15, Montevideo_1, Montevideo_6, and Montevideo_13 (labelled in red) between

the two tree-building approaches. These results illustrate the effect of noise or inconsistencies in the genomic data on
the Salmonella strain classification.
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Whole Genome Phylogeny - Neighbor Joining
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Figure Supp S1 2. Whole Genome Phylogenetic Tree by using Neighbour-Joining (Continued)

Supp S2_Taxonomic Verification of Misclassified Strains

To gain a more comprehensive understanding of the classification, a detailed 16S rRNA analysis of all
samples included in this research was performed. The genomic data from all analysed samples were combined into a
single file, which was then converted into a searchable database using the BLAST function makeblastdb. Reference
16S rRNA sequences from the Salmonella Typhimurium LT2 strain were downloaded (NCBI Reference
Sequence: NR_074910.1) and used to conduct a BLAST search against this database. This process facilitated
the extraction of the 16S rRNA sequences from all samples involved in the study. Subsequently, a phylogenetic tree
was constructed using W-1Q-TREE based on the obtained 16S rRNA sequences. The resulting tree was visualized using
the Interactive Tree of Life (ITOL) tool, providing a clear representation of the genetic relationships among the
strains. This structured methodology enabled a thorough examination of the genetic relationships between the
misclassified strain and other Salmonella strains in the study, offering valuable insights into their taxonomic
classifications. This phylogenetic analysis provided a clear representation of the genetic relationships among the
strains, further supporting the classification of strain 92- 0392 within the Typhimurium clade. Additionally, the
BLAST analysis of the 16S ribosomal RNA region (genome coordinates 1113643...1115184) of strain 92-0392
showed the strongest matches to serovar Typhimurium sequences. The comprehensive genetic analyses presented in
the Supplementary Materials section, in conjunction with the insights discussed in the main text, provide a robust
validation of the machine learning-based classification of the misclassified strain.

Appendix Il: Supplementary Tables

You can download this Supplementary Here.
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