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Abstract- Codon codes directly in the form of vector or 3D molecular
to support feature learning often impede machine learning reading
for the epitope classification process in extracting feature values that
are more easily understood by computers. The compute time
required for molecular 3D is also quite significant, which is directed
more to a good visualization art approach only because the DNA
visualization method for determining epitope and non-epitope
classes is more suitable for observation by human experts, not
computers. In addition, the length of each codon code in the peptides
varies greatly. Therefore, computers for such dataset processing
require standardized visualization transformation results before the
classification process is carried out. In this research, a 2-stage
approach was carried out. First, the deep autoencoder approach was
used as a pre-process to transform the learning features from multi-
dimensional variations to 2D or 3D which is more powerful than
PCA and kernel trick. Then, the classification stage was carried out
using the PTVPSO-Deep ELM algorithm. PSO is used to optimize
the transformation and classification results. The test results showed
that the proposed method is able to produce better and more stable
metric values.

Keywords— autoencoder-ptvpso-deep-elm, classification-peptides,
codon, epitope, recombinant-bacterial.

I. INTRODUCTION

Determining the correct class related to the epitope is a very
crucial part of the peptide in the successful production of
recombinant bacterial material in bio-molecular technology [1-
6]. The toughest challenge in classifying peptides is
determining the filter process for extracting the correct features
to overcome the difficulty of reading and using it directly by
only utilizing codon codes which have highly varied
dimensional lengths that make it difficult to analyze the
distribution of data between epitope and non- epitope classes
[7]. When feature learning such as peptide_length,
chou_fasman, etc. only rely on the results from tools from
various bio-informatics software, the results are very different.
The value of the information obtained can also be assessed
subjectively for each tool with the risk of being less consistent,

and certainly quite a lot of information being unreadable or lost
[8,9].

There is quite a lot of research on Autoencoder deep learning
algorithms the default of which is capable of being flexible [14—
21], and can be freely set regarding how long the dimensions of
the transformation composition result are, not towards
reduction or weighting or some kind of pruning of the number
of features, but more focused on summarizing the features so
that it is more guaranteed that no information is lost in the data.
Among these autoencoders, few have been developed for
processing data that has a variety of data dimensions at the
layer, and are dominated by deep learning algorithms the time
complexity of which is quite large, so they need to be developed
further. In this research, the development of the Deep
Autoencoder algorithm was carried out by utilizing the speed of
computing time from the ELM algorithm to become Deep ELM
as a process for transforming peptide data into 2D or 3D
dimensions the reasons of which are the processing speed and
ease of visualization of more consistent results. Then in the final
stage, the classification process was carried out using the
Parallel Time-Variants Particle Swarm Optimization Deep
Extreme Learning Machine (PTVPSO-Deep ELM) where the
ELM also has a process for optimization in determining input
weights and biases to overcome local optimality and underfit in
the optimized method [22-25], both for the data transformation
process to produce feature learning and also for the training and
testing process when the classification was carried out. The
PSO method was chosen with the consideration that it
converges more quickly and there is a process in it that is able
to balance the process of exploration and exploitation of
candidate solutions in the form of decentralized particles.

1. METHODS
A. Peptides Data as Recombinant Bacterial Material
Peptide based on Fig. 1 is a collection of codon codes from
the DNA part, which in this case is from the individual SARS-
CoV virus, from the B-Cell and SARS-CoV parts [11]. In a bio-
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molecular context, peptides can be classified into 2 classes, i.e.,
epitopes and non-epitopes. In the epitope class, a relationship
can be drawn with the materials for making materials from
recombinant bacteries, which can be in the form of pieces of
codon code with dimensions that vary in length [26,27].

TTRTQLPPAYTNSFRTG,
SGTNGTKRFDNPYSSA,
FKNHTSPDVDLGDISGI,

Fig. 1. llustration of codon codes visualization in 3D Bio-Molecular form

B. Deep Autoencoder

Autoencoder is part of an artificial neural network algorithm
that can use backpropagation or only feed forward techniques
to obtain learning results that can be focused on feature
extraction. There are two stages in it, i.e., encoding and
decoding according Fig. 2(b). The encoding process can be used
for data dimension reduction such as PCA [10], while the
decoding process can be used to check the quality of the return
to the original data at the input layer, for example for data
compression [30,31]. In addition, Autoencoder is not limited to
a few purposes as an independent method, but can be more
widely combined with other techniques in various fields.

(a)

Input Output

Latent
space

T T
Encoder Decoder

(®)

Fig. 2. (a) PCA vs ELM, (b) Deep Autoencoder illustration [32]

If there are many or more than one layer in the hidden layer,
then it can be said to be a Deep Autoencoder, which can later
be merged with a process for example for classification or
according to the context needed in building an Al ecosystem.
The main advantage of this method is the standardization of the
process and ease of control for optimizing results which adopts
the Artificial Neural Network (ANN) concept by utilizing the
summary results of feature values in the hidden layer. The data
values in the input layer are reflected in the target, which means
that they are also used in the output layer [33].

C. Propose Machine learning of PTVPSO-Deep ELM
Algorithm

The in-depth reasons for making this contribution are based
on at least four things, i.e., ease of setup and standardization of
feature transformations with varying dimensions from peptides
for feature learning that are easier to interpret for various
purposes, for example for dimension reduction, stretching
feature values in the specific or flexible target layer, and
visualization as well as for pre-processing before being entered
into the machine learning algorithm. Then the speed of the
transformation process is highly necessitated in managing input
data with different dimensional lengths. Therefore, in the two
cases as the basis for this initial process, a deep autoencoder
algorithm based on the ELM algorithm is used. The third basis
is the need for speed in the peptide classification process. In this
process, Deep ELM is used. Because it connects or combines
with the previous process, it is also called Dual ELM. The most
crucial foundation is the need to optimize the results in the pre-
preprocessing process or at least optimize the classification
process. This stage uses the PTVVPSO algorithm. This algorithm
has been proven to be very fast in achieving global solution
candidate expansion results with the addition of time-variant
techniques to it. The gradual and detailed steps for the
Autoencoder-PTVPSO Deep ELM algorithm can be presented
in the following order based on Fig. 4.

Stages of Autoencoder PTVPSO-Deep ELM Algorithm.
1. For preprocessing to get feature learning
transformations based Deep Autoencoder algorithm
a. If using or not using PTVPSO Ecosystem of the entire
architecture, then the particle representation can be
observed in Fig. 3.

utilize

Input Weight AE Bias AE Input Weight ELM Bias ELM

Fig. 3. llustration of the representation of the particle form PTVPSO

b. The codon code data configuration, which initially had
varying lengths, was made standard so that all code
feature lengths were the same length, through the
addition of adaptive column features to make relevant
preparations according to the needs of the
transformation process with the Deep Autoencoder.

¢. Making visualization results (a) in 2D/3D dimensions.

2. Training and testing using PTVPSO-Deep ELM algorithm

a. The training process uses 80% of the datasets from B-
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b. The testing process uses 20% of the dataset.
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c. Metric value evaluation.

test
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Fig 4. Scheme of Autoencoder PTVPSO-Deep ELM Algorithm

I11. FINDINGS AND DISCUSSION

In the system test implementation scenario, 2 stages were
carried out. The first stage was to get the results of the feature
transformation into uniform 2D/3D dimensional lengths. Then
a display of the results of the data visualization was created. In
the second stage, the results of stage 1 were used for the training
and testing process using the PTVPSO-Deep ELM algorithm.
In the 1st stage of analysis, there was an additional comparison
of the results of the PCA algorithm with the Deep Autoencoder
algorithm to check which one is better. Test results based on
Fig. 5 show that the Deep Autoencoder algorithm is much more
representative to balance and centralized distribution of dataset
in performing feature extraction compared to PCA. This can be
observed in terms of visualization results of data distribution
between classes which do not overlap each other and the classes
are in regions that are further away from different classes, but
closer to each other between the same classes and the patterns
formed by each class are very clear.

Then the results of the 2nd stage metric values are shown in
Table 1 which displays the advantages of the PTVPSO-Deep
ELM algorithm with or without the Deep Autoencoder
algorithm. An interesting thing to discuss can be seen from the
architectural form of the entire algorithm ecosystem used. For
example, in the first sub-ecosystem regarding the Deep
Autoencoder algorithm, there is a way to determine the ideal
input weights and biases for the amount of data that is balanced
or unbalanced or for long and short intervals of codon codes so
that they need to be given a filtering process, or make the
treatment the same until the process to enter the machine
learning. All of these things are given specific treatment or
treated the same without optimization or all of them should be
subjected to particle encoding using optimization techniques
from the PTVPSO algorithm.
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Fig. 5. Mapping Result of (a) PCA 2D and 3D, (b) AE 2D and 3D

Table 1. Result of data variation of test
Accuracy with PCA | Accuracy with Deep Autoencoder

Data Test utilize Scikit-Learn without Optimization
Trial 1st 0.817 0.856
Trial 2nd 0.885 0.875
Trial 3rd 0.817 0.856
Trial 4th 0.835 0.846
Trial 5th 0.835 0.856
Avg. 0.838 0.858

IVV. CONCLUSION

This research has been able to make a new contribution by
applying the Autoencoder PTVPSO-Deep ELM Algorithm,
which is able to achieve more higher and stable based on
average accuracy 85.78%. The implementation step begins with
feature extraction using the ELM-based Deep Autoencoder
algorithm, then continues with the training and testing process
using the PTVPSO-Deep ELM algorithm. The future
development plan is to add and compare the results of the
2D/3D Deep Autoencoder transformation to the 3D bio-
molecular visual results for the reason of comparing the
processing time and the metric value results. In the future, the
features can be considered by combining features from codon
codes with the results of several features from labs or
bioinformatics tools such as peptide length, chou_fasman, etc.
The epitope results can also be added to the intersection process
with peptides from SARS-CoV2 for both the B-Cell and SARS-
CoV datasets based on the best model obtained in each test
scenario.
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