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ABSTRACT

Viruses and bacteria continue to evolve alongside humans. Viruses
are spreading too fast and causing a huge loss of life in the world.
Viruses play an important role as dangerous pathogens that continue
to spread various infectious diseases. Metegenomics is the application
of large sequencing technology to genetic material obtained directly
from one or more environmental samples, resulting in at least S0Mb
random samples and multiple long sequences. It is important to
identify the origin of the virus to prevent the spread of outbreaks.
Understanding the biology of these viruses and how they affect their
ecosystems depends on knowing which host they infect. We can use
metagenomic features derived from the viral genome to determine the
type of virus host. The activity of predicting virus hosts has
traditionally taken a lot of time and effort in the process. Technology
can be one of the solutions that can be used to predict virus host types.
One of the technologies that can be used is machine learning. We
chose one of the machine learning algorithms, SVM, to predict viral
hosts with metagenomics features, namely genome size, GC% and
number of CDS from viral genomes derived from 7326 viral genomes.
The SVM model was further optimised with GS and K-CV methods.
This optimisation resulted in an increase in the accuracy value of the
model when predicting virus hosts from 80% to 84%.
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1. INTRODUCTION

Viruses and Bacteria continue to evolve in the world [1]. The evolution of the virus apparently occurred
simultaneously with humans and has resulted in a very high number of deaths [2]. One example is the Covid-
19 virus, which has evolved into various variants. Based on data from the World Health Organisation (WHO),
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the Covid-19 pandemic has hit the world with more than 236 million confirmed cases and nearly 5 million
deaths occurring until October 2021 [3].

Viruses play an important role as pathogens that continue to spread various infectious diseases [4]. They
have a complex molecular architecture and have morphed into highly destructive parasites [5]. Viruses consist
of a genome enclosed in a protein or proteolipid shell [5].

Nontargeted metagenomics is the application of large sequencing technologies to genetic material
obtained directly from one or more environmental samples, resulting in at least SOMb random samples and
multiple long sequences [6]. Metagenomic sequencing data provides a rich resource for expanding our
understanding of differential protein functions involved in human health [7]. The use of metagenomic
sequencing is dramatically increasing our understanding of the evolution and ecology of microbial systems in
a variety of environments, from water and soil to the human body [8].

The host of the virus needs to be found to know where a virus comes from. It is important to identify the
origin of the virus to prevent the spread of an outbreak [9]. Understanding the biological side of these viruses
and how they affect their ecosystems depends on knowing which hosts they infect [10]. We can use
metagenomic features derived from the viral genome to determine the virus host type. The activity to predict
the virus host by traditional means is time-consuming and labour-intensive [11].

Technological developments have been steadily increasing in the healthcare sector in the last 40 years
[12]. Technology can be one of the solutions that can be used to predict the type of virus host [13]. Popular
technologies such as machine learning, which is one of the fields of artificial intelligence, can be applied to
this [9]. Machine learning has various types of learning including supervised learning, unsupervised learning,
deep learning, ensemble learning, semi-supervised learning, reinfocement learning, outlier detection and metric
learning [14]. Supervised learning allows us to acquire or generate data based on prior knowledge. In
supervised learning, the data used for training must be selected and handled appropriately [15]. One type of
supervised learning machine learning algorithm is Support Vector Machine (SVM).

Virus host prediction will be predicted based on the features of genome size, GC (guanine-cytosine) %,
and the number of CDS (coding sequence) of the virus genome using the support vector machine algorithm.
SVM will process the predefined features to find out where a virus comes from.

The machine learning model created in predicting the virus host can then be optimised with various types
of hyperparameter tunning methods. These methods are used to improve the performance of previously created
machine learning models [16]. This optimisation aims to help get better performance faster than tuning with
randomly selected hyperparameters. One type of hyperparameter optimisation that can be used is grid search
cross validation. Grid search is used to generate a suitable evaluation index and select the best hyper parameter
[17].

2. METHODS

Several types of research related to virus host prediction have been conducted by previous researchers.
We summarise the different types of research and attempt to explain our contribution to this work. Research
conducted by Alakus [18] took a computational approach to predicting virus hosts. FIBHASH, AVL-tree and
entropy-based methods were applied to this field. As a result, the viral host interaction between SARS-CoV-2
and human proteins was effectively classified through deep learning. Research that has been conducted by
Holcomb [19] created a pipeline that identifies coagulation-related proteins that interact with the SARS-CoV-
2 protein. The pipeline further searched databases such as COVID-19 HGI for genetic variants of its host
proteins. This research found similar motifs and regions of protein-protein interactions in the viral host system.
Research that has been conducted by Das [20] conducted a possible SARS-COV-2 attack of proteins in 17
signalling pathways. This research resulted in a scheme to infer viral host associations based on codon usage
patterns identifying the most affected signalling pathways during COVID-19. Research that has been
conducted by Dey [13] has built an ensemble voting classifier using Radial SVM, Polynomial SVM, and
Random Forest techniques that provides better accuracy, precision, specificity, recall, and F1 score compared
to all other models used. A total of 1326 potential human target proteins of SARS-CoV-2 were predicted by
the proposed ensemble model and validated using gene ontology and KEGG pathway enrichment analysis.
Research that has been conducted by Xu [9] has created a machine learning model to predict influenza virus
hosts. The results show that the 5-gram artificial neural network is the most effective algorithm for predicting
the origin of virus sequences, with about 99.54% AUCPR, 98.01% score and 96.60% MCC at higher
classification levels, and about 94.74% AUCPR, 87.41% score and 80.79% MCC at lower classification levels.
In contrast to previous studies, we seek to apply optimisation to the hyperparameters used by the SVM
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algorithm. A grid search method with cross validation is proposed to produce better prediction model
performance.

3. PROPOSED METHOD

3.1 Dataset

The data used in this study is taken from the NCBI website which will be adjusted to the needs of the
machine learning model. We used 7326 viral genomes that are unique and their characteristics are unknown.
The data can be obtained at the following NCBI website
https://www.ncbi.nlm.nih.gov/genome/browse/#!/viruses/. The unique virus hosts in this dataset arebacteria,
fungi, plants, vertebrates, invertebrates, protozoa, vertebrates, invertebrates, human, invertebrates, plants,
algae, vertebrates, invertebrates, vertebrates, human, archaea, human, nan.

The main metagenomics features used in this dataset are genome size, GC%, and CDS count of the viral
genome used as features to predict the virus host. The distribution of genome size can be seen in Figure 1. The
distribution of GC% of the viral genome can be seen in Figure 2 and the distribution of CDS of the viral genome
can be seen in Figure 3.
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Fig. 2. Distribution of GC% of Viral Genomes
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Fig. 3. CDS of Viral Genomes

The distribution of genome size consists of 5,233 unique data points, with a mean value of 0.051478. This
dataset provides insights into the variation in genome size across different viral genomes. The distribution of
GC content in viral genomes includes 2,789 unique data points, with an average GC percentage of 43.230327.
This indicates the proportion of guanine (G) and cytosine (C) bases in the genome, which plays a crucial role
in genome stability and functionality. The coding sequence (CDS) distribution of viral genomes comprises 363
unique data points, with a mean value of 67.090736. The CDS represents the protein-coding regions of the
viral genome, which are essential for understanding viral gene expression and functional characteristics. These
statistical distributions provide valuable insights into the structural and functional properties of viral genomes,
supporting further analysis in comparative genomics and evolutionary studies.

3.2 Pre-processing

Datasets first pass through a data pre-processing stage in order to be recognised by machine learning
models. Data pre-processing, such as normalisation, feature extraction, and dimensionality reduction, is
necessary to better complete data classification [21]. Data processing stages that may be used by the SVM
algorithm are categorical to numerical processes such as Percentage Categorical Pruned (PCP), Inverse
Document Frequency (IDF) and the simpler One-Hot-Encoding method [22]. The data that has been processed
at this stage is then processed with the support vector machine algorithm.

3.3 Support Vector Machine

Support Vector Machine is a widely used algorithm in supervised prediction and classification [23]. In
classification SVM generates a function that learns from the training dataset to find the best hyperplane by
maximising the distance between classes on different data. In SVM prediction depends on a subgroup of the
original dataset, whose elements are interpreted as support vectors and are in charge of margin selection [24].

The data used in the SVM algorithm is represented in an n-dimensional space that is in charge of
predicting whether new training instances belong to the same or different class categories [25]. An important
goal of the SVM algorithm is to find the best hyperplane in the n-dimensional space that is able to classify or
predict the data points [25]. The pre-processed data is transformed into a numerical format with encoding labels
so that it is easily recognised by this algorithm. With this numerical format, the process of comparing the same
or different classes becomes easier [1].

SVM considers a set {2 of vectors that are divided into two different classes. Vectors are denoted as pairs
(x;, y,)e R"x{—1,1}where n is the number of features observed by each vector, x; contains the feature value
for vector i and y; indicates which of the two classes (2 vector i belongs to [23]. SVM uses a straight-line
kernel that divides two different classes with a linear equation that can be seen in Equation 1 [26].

wxx—b=0 (1
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Based on equation (1), w is the hyperplane parameter whose value is being sought, x for input data and b
is bias. Furthermore, to produce the optimum value of the hyperplane can be used the following equation [27].

1
minz|lol|* 2
yiwx;+b)=>21i=1,...,1 3)

Equation (3) is utilised as a way of optimising the value of ||w]||? which focuses on the boundary line
y;(wx; + b) =. If the resulting output data is y; = +1, then the boundary line becomes (wx; + b) = 1 and
vice versa if y; = —1, then the value of the boundary line becomes (wx; + b) — 1.

3.4 Hyperparameter Tunning

SVM models can be optimised for performance using Grid Search (GS) and K-Cross Validation (K-CV)
methods. GS is a type of hyperparameter tuning used to optimise complex machine learning problems [28].

GS is a method used to select the best model from a combination of parameters of a machine learning
algorithm by testing and validating each combination. The main goal of GS itself is to search and find the
combination of model parameters with the best performance selected for the effectiveness of the prediction
model [29]. GS is commonly associated with K-CV which will create an evaluation index for prediction and
classification models [30]. K-CVcan repeat the training data and test data as many as krepetitions
and//kdivision ofthe test data [25]. The accuracy of k modelscan be obtained, and the performance ofK-CV
prediction modelis evaluated based on the average accuracy score ofkmodels. Subsequently, the parameters of
the classifier are changed based on GS, andthe predictionaccuracyis recalculated. In general, the stages of K-
CV can be seen in Figure 4 below.

K equal-size parts of training set
B

Training folds Test Fold

-
1st iteration .—> Eq
2nd iteration .:—) E;
3rd iteration . —>» Ej3
Kth iteration . —> EkJ

Fig. 4. K-Fold Cross-Validation Procedure

1
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The model optimization process progresses further during the parameter selection stage, as illustrated in
Figure 5. In this phase, Grid Search systematically explores various combinations of hyperparameters to
identify the optimal configuration that enhances model performance. By exhaustively evaluating different
parameter sets, GS ensures that the most effective combination is selected to maximize accuracy while
maintaining computational efficiency. Each combination undergoes comparative analysis based on predefined
evaluation metrics, allowing the model to achieve better generalization and robustness. This iterative process
is crucial in fine-tuning the model, as selecting the right set of hyperparameters significantly impacts the
learning dynamics and overall predictive capability. Furthermore, the optimization process not only improves
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accuracy but also helps in minimizing overfitting and balancing the trade-off between model complexity and
computational cost.

Classification Model
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Parameter Selection
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Fig. 5. K-Fold Cross-Validation and Grid Search

3.5 Model Evaluation

The model evaluation used is confusion matrix. Some types of criteria for measuring confusion matrix
can be seen in Table 1 [31].

Table 1. Confusion Matrix

Class Data Classed as Positive Classed as Negative
+ True Positive (TP) False Negative (FN)
- False Negative (TN) True Negative (FN)

Table 1 is the confusion matrix table. TP means the model correctly labelled the number of positive tuples.
TN means the model correctly labelled the number of negative tuples. FP means the model incorrectly labelled
the number of negative tuples. FN means the model mislabelled the number of positive tuples.

Accuracy is also called the performance measure of a prediction or classification model and is the

percentage of correctly predicted data out of the total data [32]. Calculation of the accuracy value, Equation 4
can be used.

TP+TN

A = 4
CeUracy = Tp fFP+ FN + TN @

In prediction models, the types of performance metrics commonly used consist of precission, recall, and
fl-score [31]. Precission is the positive ratio or can be called the degree of reliability, which is the proportion
of prediction results that have the correct positive label value to the total positive predict ions [33]. The
equation for calculating the precision value can be seen in equation 5.

Precission — TP 5)
TeClSSlOTl—W

Recall or commonly referred to as the true positive rate or also known as sensitivity. Recall is also the
degree of reliability of the model in detecting positively labelled data correctly [33]. The equation for
calculating the recall value can be seen in equation 6.

Virus Host Prediction with Metagenomic Features using Support Vector Machine Algorithm and Grid Search Cross
Validation Optimization (Purwono Purwono)



ISSN: 2985-6124 Journal of Advanced Health Informatics Research (JAHIR) Page | 133
Vol. 2, No. 3, (2024), pp. 127-137

TP
- 6
Recall TPTFN (6)

Fl-score becomes the summarised value of all precision results and recall calculations by making the
harmonic mean [31]. The equation for calculating the F/-score value can be seen in equation 7.

Fl—s _ 2 x Precission x Recall )
core = Precission + Recall

4. RESULT AND DISCUSSION

4.1 Pre-processing

In the pre-processing stage, there is a transformation of the form of the virus data. We changed the string
dataset into a numeric form so that it can be easily processed optimally by the SVM model. The results of data
transformation can be seen in Table 2.

Table 2. Data Transformation

Host Size_Mb Gce_Percent Cds
0.0 0.073089 0.557107 0.060948
1.0 0.010327 0.667513 0.002257
0.0 0.066560 0.581218 0.057562
2.0 0.007142 0.560216 0.002257
3.0 0.014095 0.488579 0.007901
3.0 0.317524 0.569797 0.086907
0.0 0.079869 0.770305 0.056433
0.0 0.082039 0.601523 0.076749
0.0 0.162887 0.571066 0.129797

4.2 SVM Model

The SVM model is created by first separating the dataset into training data and test data. Comparison of the
amount of training data and test data in the composition of 80% versus 20% [34]. This modeling uses the
default kernel which is linear. The performance of the SVM model then produces an accuracy value of 80%
which can be seen in Table 3.

Table 3. Result SVM Model Before Optimization

Precission Recall F1-score Support
0.78 0.95 0.86 744
0.00 0.00 0.00 11
0.00 0.00 0.00 71
0.00 0.00 0.00 111
0.00 0.00 0.00 22
0.00 0.00 0.00 10
0.00 0.00 0.00
0.00 0.00 0.00 9
0.00 0.00 0.00 5
0.82 0.96 0.89 480
0.00 0.00 0.00 2

Accuracy : 80%

4.3 Grid Search Optimization
Based on Table 3, the SVM model produces an accuracy value of 80%. This accuracy value is further
optimised by using GS and K-CV hyperparameter tuning. The initial stage of model optimisation by first
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determining the type of kernel that will be used by the SVM model. Grid-shaped parameters used include
linear, rbf, poly kernels with degrees 2 and 3. K-CV is run on the parameters n_splits = 10 with n_repeats = 10
in 43.7 s. The result of using GS and K-CV is a parameter that can be seen below.

GridSearchCV(estimator=SVC(),
param_grid={'C": [0.1, 1, 10, 100, 1000],
'gamma’; [1, 0.1, 0.01, 0.001, 0.0001],
'kernel': ['linear']},
verbose=3)

The last step is to apply the best parameters to the SVM model. The result is an increase in accuracy to
84%. The performance of the SVM model after optimisation with GS and K-CV can be seen in Table 4.

Table 4. Result SVM Model After Optimization

Precission Recall F1-score Support
0.91 0.94 0.92 744
0.00 0.00 0.00 11
0.43 0.13 0.20 71
0.43 0.65 0.52 111
0.00 0.00 0.00 22
0.00 0.00 0.00 10
0.00 0.00 0.00 5
0.00 0.00 0.00 9
0.00 0.00 0.00 5
0.90 0.96 0.93 480
0.00 0.00 0.00 2

Accuracy: 84%

The evaluation results of the model that has been optimised with GS and K-CV can then be illustrated in
the form of a confusion matrix graph. The graph shows the true label and predicted label data according to the
confusion matrix size in Table 1. The confusion matrix graph can be seen in Figure 6.
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Fig. 6. Confusion Matrix
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5. CONCLUSION

Viruses and Bacteria continue to evolve alongside humans. Viruses are spreading too fast and causing a
huge loss of life in the world. Viruses play an important role as dangerous pathogens that continue to spread
various infectious diseases. Metegenomics is the application of large sequencing technology to genetic material
obtained directly from one or more environmental samples, resulting in at least SOMb random samples and
multiple long sequences. It is important to identify the origin of the virus to prevent the spread of outbreaks.
Understanding the biological side of these viruses and how they affect their ecosystems depends on knowing
which hosts they infect. We can use metagenomic features derived from the viral genome to find out the virus
host type. The traditional way of predicting virus hosts consumes a lot of time and effort in the process.
Technology can be one of the solutions that can be used to predict the type of virus host. Popular technologies
such as machine learning, which is one of the fields of artificial intelligence, can be applied to this. SVM
algorithm is offered in this research as a virus host prediction model. The SVM model before optimisation
produced an accuracy value of 80%. The initial stage of model optimisation by first determining the type of
kernel that will be used by the SVM model. The grid-shaped parameters used include /inear, rbf, poly kernels
with degrees 2 and 3. K-CV is run on the parameters n_splits = 10 with n_repeats = 10 in 43.7 s. The result of
this optimisation is an increase in the accuracy value of the SVM model resulting in an accuracy value of 80%.
This SVM model still needs to be studied further in an effort to predict the virus host. This model can be
compared with several other types of machine learning algorithms. The results of the comparison can be a
benchmark for which algorithms can really be applied to virus host prediction.
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