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Abstract— In the bio-molecular field, epitope classification is 
essential in vaccine development. A machine learning-based 
approach has been used for epitope classification using peptide 
data from b-cell, Severe Acute Respiratory Syndrome (SARS) 
to predict material for SARS-CoV-2 vaccine. This study aims to 
improve the performance of epitope classification by weighting 
peptide features and including input weight and biases of 
Classifier model using the Time Variant Inertia Weight, 
Acceleration Coefficients and Random Injection-Particle 
Swarm Optimization (TVIWACRI-PSO) and the Extreme 
Learning Machine (ELM) classification algorithm. Experiment 
on b-cell, SARS dataset shows that feature weighting (FW) using 
TVIWACRI-PSO can improve accuracy performance by 8.4%. 

Keywords—epitope b-cell and sars, sars-cov-2 vaccine, 
tviwacri-pso-elm, feature weight 

I. INTRODUCTION 
In critical and endemic conditions of Covid-19 and its new 

variants as of today, studies in determining the prediction of 
the best peptide epitopes as vaccine ingredients are still 
necessitated for development [1]–[6], especially the ones 
grown through recombinant bacteria, both originating only 
from the spike protein or a combination, for example with a 
trivalent vaccine design [7]–[10]. This technique is very 
susceptible to failure in its manufacture if the selected epitope 
is not correct or is still easily mutated. This is also based on its 
relation to health since the recovery from diseases caused by 
the SARS-CoV-2 virus and the risk on human life when 
treatment is carried out through vaccination activities with a 
fairly high risk [11]–[15]. Among the difficulties in 
determining the epitopes of peptides, the most basic and 
important is that it is very difficult to determine the correct 
weight value for each data feature manually. As a result, it is 
definitely not enough to carry out an initial analysis or a 
standard process by selecting the features using only a subset 
of the selected features [16]–[19], or by calculating and 
knowing the correlation value of each feature to the target 
class or just making a visualization of the data distribution of 
each feature to the target [20]–[25]. The proper step urgently 
required is to be able to automate assigning the appropriate 
weights to each feature as part of the fair treatment process. 
Moreover, it is also related to the classification algorithm used 
which is actually good and fast, for example using standard 

ELM to multi-layer based [26], [27]. However, it is 
susceptible to random input weight values, is biased and is 
sometimes trapped in the results of singular matrix operations 
[28]–[30].  

In 2019, optimization through the incorporation of PSO-
ELM for the stabilization of base materials through the 
process of predicting material performance was able to 
provide structural quality and durability for flexibility and 
stiffness of materials in a flexible manner when compared to 
the conventional method, with higher evaluation results when 
compared to the combination of PSO and Artificial Neural 
Network (ANN) and KELM [31], method. However, it still 
uses TVIW and TVAC, which have a constant value, for each 
iteration, which tends to cause an imbalance in the exploration 
and exploitation process [32]–[34]. Then in the research on 
medical data that tends to have high dimensions with 
computational complexity constraints, PSO is used for 
dimension reduction in the form of feature selection which is 
proven to have the ability to increase efficiency and 
effectiveness in the form of increasing accuracy values [35]. 
In the development of PSO in recent studies, however, there 
is a tendency to use feature weighting in continuous value 
intervals [0;1] so that feature selection with only binary values 
is also included in it. In 2021, PSO is utilized to estimate the 
search for model parameter values as a prediction of the 
number of death cases caused by COVID-19 based on the 
logistic function, the solution of which is difficult because it 
involves quadratic programming [36]. This hyperparameter is 
very synonymous with optimizing the use of data such as 
hyperdata which can use methods such as SMOTE [37]. 
Nevertheless, the SMOTE technique is limited to overly 
manipulating data. In 2023, there is research that discusses the 
prediction of drought severity level in the state of Tamil Nadu 
using 62 years of unbalanced data as a successful effort for 
geographical mitigation activities using 2 main parameters, 
i.e., standardized precipitation index (SPI) and standardized 
precipitation evapotranspiration index (SPEI). PSO is used for 
feature weighting before being included in the Random Forest 
(RF) classification method which has succeeded in increasing 
the precision value by 45% [38].  

The contribution of the research presented focuses on 
hyperparameters on features rather than index data, which are 

2023 14th International Conference on Information & Communication Technology and System (ICTS)

979-8-3503-1216-4/23/$31.00 ©2023 IEEE 153

20
23

 1
4t

h 
In

te
rn

at
io

na
l C

on
fe

re
nc

e 
on

 In
fo

rm
at

io
n 

&
 C

om
m

un
ic

at
io

n 
Te

ch
no

lo
gy

 a
nd

 S
ys

te
m

 (I
C

TS
) |

 9
79

-8
-3

50
3-

12
16

-4
/2

3/
$3

1.
00

 ©
20

23
 IE

EE
 | 

D
O

I: 
10

.1
10

9/
IC

TS
58

77
0.

20
23

.1
03

30
84

4

Authorized licensed use limited to: Institut Teknologi Sepuluh Nopember. Downloaded on February 17,2024 at 13:38:15 UTC from IEEE Xplore.  Restrictions apply. 



based on several related and relevant previous studies. The 
reason is that the entire dataset used is still sufficient to be 
directly computed with existing computing resources. The 
focus of the first contribution is on optimizing the feature 
weights of peptide data from b-cell, SARS, and sars-cov-2 by 
using the Parallel Time Variant (PTVPSO) algorithm with 
dynamic TVIW and TVAC in each regeneration which 
provides balanced conditions in local and global searches and 
is given an additional random injection (RI) scheme so that it 
is not easily trapped in early convergence and local optimum. 
The second contribution is provided to the optimization of 
input weights and bias in the ELM classification algorithm. 
The optimization of both is to overcome trial constraints 
which are generally carried out manually or only a few times 
when performed without optimization techniques.  

 

II. METHODS 

A. Features weighting and tuning hyperparameter 
Each learning process on the algorithm to obtain the best 

model results is generally like the one shown in the illustration 
of Fig. 1. At the beginning of the process, it starts with pre-
processing which can use a certain approach according to the 
dataset specifications [39]–[44], then it is followed by Feature 
weighting (FW) and hyperparameter tuning (HP). Feature 
weighting (FW) is a technique that can be employed to 
provide a contribution measure in the form of multiplier 
weight values for features based on feedback from the results 
of Machine Learning (ML) algorithm metrics [45]. 
Meanwhile, hyperparameter tuning is an attempt to adjust the 
parameter values of an algorithm to improve the performance 
of the model. The main challenges in FW and 
hyperparameters are the large number of parameter value 
candidates, the way to avoid using brute force or random 
origin searches, and the way to increase the speed in 
determining them [46]. 

 

 

 

 

 

 

 

 
Fig. 1. Pre-processing, Feature weighting, and tuning hyperparameter 

B. Propose Machine learning methods of TVIWACRI-PSO-
ELM 
This research proposes a combination of the TVIWACRI-

PSO algorithm, where Inertia Weight (IW) based on Eq. 1 and 
Acceleration Coefficients (AC) based on Eq. 3-4 for meta-
heuristic determination of FW and Hyperparameter (HP) with 
ELM classifier on peptide datasets from Kaggle [47] in the 
form of b-cell, sars, and sars-cov-2 data [48]. PSO is expected 
to assist and facilitate the search for FW-HP values because it 
is very difficult to do manually due to the infinite 
combinations of values. When attempted without optimization 
techniques, it takes too much time and is not feasible to carry 
out in order to plan an ideal test system to achieve better 

results. Manual efforts can get stuck in bias conditions when 
viewing the continuous values of search variables, the area of 
which is unlimited or includes very broad and deep 
expansions.  

 

 

 

 

 

 

 

 

 

 

 

 

 

 
 

 

 

 

 

 

 

 

 

 

 

Fig. 2. ELM Optimization Scheme using TVIWACRI-PSO-ELM 

Fig. 3 displays the form of PSO particle representation in 
this study presented in the form of vectors. Each vector cluster 
is marked with cluster 1 and cluster 2. The 1st cluster is for the 
optimization of feature weight data and the 2nd cluster is for 
the optimization of input weight and bias of the ELM 
algorithm with the fitness value equivalent to the global 
accuracy value as in Eq. 9. The reason why this optimization 
is limited to these two parts is because they are the main parts 
for the key to obtain better evaluation results compared to 
performing without the optimization process. 

Cluster 1 

for Opt. FW 

Cluster 2 
for Opt. Input Weight and biases 

ELM 

wf1 wf2 .. wfn w_in11..jk .. b1..j .. 

Fig. 3. Form of particle structure representation on TVIWACRI-PSO-ELM 
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Concretely, at the initial iteration (t = 0), each velocity 
value is filled with a zero value, and the initial position utilize 
Eq. 1. Updating the learning velocity (v) of particle position 
(x) with several scenarios to be tested to as solution candidate. 
Choosing to utilize or combining them in Eq. 1-6. Random 
Injection (RI) process will be carried out, if mod(iter, g) is 
equal zero of current iterations, namely by re-generating, e.g. 
20% of the individual particles that have the lowest fitness. 
This RI process is to prevent premature convergence events. 
Pbest is taken based on the best fitness value of each personal 
memory, while Gbest is taken only one particle from the 
overall particles or best of the best from Pbest. 

𝑥 = 𝑥!"# + 𝑟𝑎𝑛𝑑[0; 1](𝑥!$% − 𝑥!"#) (1) 
 

𝑤 = 𝑤!"# +𝑤!$%(𝑤!$% −𝑤!"#)
('!"#(')
'!"#

 (2) 
 

𝑐* = 2𝑐*+ − 𝑐*"3
'

'!"#
+ 𝑐*" (3) 

 
𝑐, = 2𝑐,+ − 𝑐,"3

'
'!"#

+ 𝑐," (4) 
 

𝑣",.'/* = 𝑤. 𝑣",.' + 𝑐*. 𝑟*2𝑃𝑏𝑒𝑠𝑡",.' − 𝑥",.' 3 +
𝑐,. 𝑟,2𝐺𝑏𝑒𝑠𝑡0,.' − 𝑥",.' 3 (5) 

 
𝑥",.'/* = 𝑥",.' + 𝑣",.'/* (6) 

 

C. Performance measurement for value of evaluation 
Evaluation metrics are utilized as a performance measure 

from the results of the ML algorithm trials. The form of 
component variables from the values of accuracy, precision, 
recall, f1-score and auc can be calculated using values from 
TP, FP, FN, and TN [49], [50]. There are several choices of 
techniques that can be used, i.e., micro (for balanced data), 
macro (for imbalanced data) and weighted (for imbalanced 
data by giving weight values according to the amount of data 
for each class). Dissertation average is also a technique to 
condition the division value so that it is not zero, resulting in 
the undefined value. The evaluation value must also pay 
attention to suitability with the data processed in context 
because there are many options for measuring it, for example 
for processing data that results in generating documents that 
are more complex than just outputting binary class or multi-
class labels [51]–[53]. 

  Class by System 

  Epitope  
(+) 

Non-Epitope 
(-) 

A
ct
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 Epitope 
(+) TP FN 

Non-Epitope 
(-) FP TN 

Fig. 4. Mapping Performance measurement from contingency table 

Precision (P) = TP / (TP + FP)  (7) 

Recall (R) = TP / (TP + FN)  (8) 

Accuracy = (TP + TN) / (TP + TN + FP + FN)  (9) 

F1-Score = 2PR / (P + R)  (10) 

In particular, Eq. 8 can be utilized as the value of the 
calculation results for the specific accuracy of the positive 
class or epitope class, and when viewed from the overall 
condition, then based on Fig. 4, Eq. 8 includes the formula for 
Recall. However, in general, the accuracy formula can be used 
by involving the entire classes. The opt of using the equation 
can be adjusted to the needs of the analysis of the test results 
and can be very flexible to make variations in the presentation 
of the results that facilitate the analysis. 

III. EXPERIMENTAL RESULTS 
The test scenario was carried out by comparing the results 

of the ELM, RF and TVIWACRI-PSO-ELM algorithms with 
FW and HP optimization. RF was involved because it was 
going to be compared with the previous studies, in which RF 
had the highest results in terms of accuracy compared to the 
Decision Tree (DT), K-Nearest Neighbor (KNN), Logistic 
Regression, and Support Vector Machine (SVM). The results 
of the previous test were used as a basis for the continuation 
of the next tests. Each test utilized several parameter changes 
to the PSO and ELM algorithms. PSO parameters included 
wmin, wmax, c1i, c1f, c2i, c2f, and IterMax. Meanwhile, some 
of the parameters in ELM included the number of hidden 
nodes, random interval limits of the weight [-1;1], bias [-
0.5;0.5], and the type of activation function in the form of a 
sigmoid, as well as a comparison of training and test data by 
80% compared to 20%. 

A. Comparison of metrics values 
The ELM and RF results show that ELM is better. 

Therefore, ELM was selected for optimization using 
TVIWACRI-PSO-ELM without optimizing RF. RF is used 
due to the reference from the previous research but no RF 
optimization process was carried out because the original 
method does not have a higher accuracy value than ELM. The 
results of the improvement rate of the ELM algorithm with 
TVIWACRI-PSO-ELM on the b-cell and SARS dataset from 
Table I were 0.005 and 0.163, respectively.  

TABLE I.  EXPERIMENT RESULT BETWEEN DATASET 

Model B-Cell SARS 
Acc. Items Acc. Items 

TVIWACRI-
PSO-ELM 0.737 

FW: 
Len peptide 
(0.01),  
chou fasman 
(0.13),  
emini (0.12), 
kolaskar 
tongaonkar 
(0.34),  
parker (0.58), 
isoelectric point 
(0.96), 
hydrophobicity 
(0.69),  
stability (0.78) 

0.913 

FW: 
len peptide 
(1.0),  
chou fasman 
(0.96), parker 
(0.02), 
isoelectric 
point (1.0), 
aromaticity 
(0.96), 
stability 
(0.28)     

ELM 
(Original) 0.732 af = sigmoid,  

h = 18 0.750 af = sigmoid,  
h = 18 

RF (Original) 0.712  
(+) 

from previous 
reference 

0.565 
(+) 

from previous 
reference 

 

The increase in the value of the b-cell has been obtained, 
but it was not that big, while the increase in the value of the 
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SARS was quite high. According to the improvement in the 
increase in the accuracy value, it shows that the automation of 
FW and HP searches is very significant in facilitating the 
search for the right parameter values for the data classification 
process. The main thing that makes PSO-ELM tend to always 
have a great chance of obtaining a better solution than ELM is 
because the search technique is not just random, but organized 
regularly by meta-heuristic techniques during the search 
process. The technique is also equipped with a stage of 
filtering the results of the previous solution as a consideration 
for the colony of particle swarms to advance and move in the 
next iteration which is stored in the Pbest and Gbest variables. 
The objective function used really facilitates the success 
measurement of each solution candidate obtained. 

B. Analysis of convergence condition 
In the convergence condition with a maximum iteration of 

250 for b-cell and 250 also for SARS, the TVIWACRI-PSO-
ELM algorithm displayed a kind of gradual steps in improving 
the solution in each iteration. Fig. 4 shows that a stable value 
was obtained starting from the 166th iteration for b-cell and 
177th iteration for SARS. This stability means that the particle 
collection has reached the condition with the highest fitness 
value. This uniqueness is the advantage of the PSO algorithm 
which has the ability to learn in order to obtain a better or at 
least the same iteration process than the previous one. 

 

 

 
(a) 

 

 

 

 
(b) 

Fig. 5. (a) b-cell epitope convergence testing and (b) sars epitopes, using a 
combination of TVIWACRI-PSO-ELM 

IV. CONCLUSION 
The TVIWACRI-PSO-ELM algorithm has been 

successfully implemented for b-cell and SARS epitope 
classification cases. The stages stared from optimizing the 
weights on the dataset features and were concurrently with 
optimizing the input weights in the ELM algorithm. The 
essence of the basic optimization is easy automation without 
guessing manually which takes extra effort rather than 
prioritizing smart strategies to avoid a kind of brute force 
scheme trap. This smart strategy is a meta-heuristics technique 
in the PSO algorithm. The comparison results of the 
TVIWACRI-PSO-ELM test proved to be superior and able to 
increase the average accuracy by 8.4% in all datasets that were 
carried out in the classification process. 
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