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Abstract
Grouping glycosylated lysine proteins into groups according to the type of glycosylation seen
in the lysine protein sequence is known as glycosylation in the lysine protein sequence. In
this work, the sensitivity, specificity, accuracy, and Matthew’s correlation coefficient (MCC)
of the random forest approach for classifying the glycosylation of lysine protein sequences
were examined. With 214 positive and 406 negative data, the lysine protein dataset derived
from benchmark data contains 620 total proteins with a protein length of 15 sequences. 90% of
the dataset is used for training, while 10% is used for testing. Using the R package BioSeqClass
version 1.44.0, feature extraction employed protein descriptors, specifically AA Index, CTD,
and PseAAC, with a total of 60 features. The Random Forest classification algorithm was
used to reprocess the results withMtry values of 4, 8, and 16. The number of trees (ntree) was
randomly set to 250, 500, 750, and 1000. The best results were achieved with a dataset split
of 90% training data and 10% test data, using Mtry of 42 and 1000 trees, resulting in 89.97%
sensitivity, 92.79% specificity, 80.76% MCC, and 90.42% accuracy. These results demonstrate
that the combination of feature extraction and the Random Forest algorithm is effective in
classifying lysine proteins.
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1. INTRODUCTION

Post-translational modifications (PTMs) involve the covalent
alteration of amino acids within a protein’s primary sequence,
leading to a greater diversity of protein forms. These modifica-
tions play a critical role in regulating various biological processes,
including protein localization within cells, protein stability, and
the control of enzymatic functions. So far, over 90,000 distinct
PTMs have been identified through large-scale biochemical and
biophysical analyses, offering valuable insights into their signifi-
cance in health and disease and highlighting proteomics as a pow-
erful tool [1]. Depending on physiological needs and metabolic
conditions, proteins may undergo various modifications such
as phosphorylation, glycosylation, acetylation, ubiquitination,
sulfation [2].

Glycosylation is one type of post-translational modification,

a reaction that occurs between proteins and glucose at high
concentrations, this reaction is also called the Maillard reaction
[3]. The glycosylation reaction or Maillard reaction is a reaction
between the amine group of the protein and the aldehyde group
of glucose that can form reactive products, which can further
modify the protein. This reaction is characterized by the occur-
rence of nonenzymatic browning between reducing sugars and
reactive free amino acids from proteins [4].

Glycosylation will give rise to non-enzymatic reactions that
generally occur post translational modification of proteins in-
duced spontaneously by condensation of glucose derivatives
and intermediate metabolic compounds with free amine groups
on lysine or arginine residues. The first step of the Maillard
reaction is the formation of schiff base inclusion complexes into
proteins. This initial product of glycation undergoes reversible
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rearrangement to form the Amadori inclusion complex product.
Schiff bases and Amadori products then undergo rearrangement,
oxidation, and or drying through chemical pathways to produce
inclusion complexes that irreversibly become proteins, namely
Advanced Glycation End Products (AGEs) [3, 5].

Based on these causal factors, a classifier is needed that is
expected to help the medical world. This can be done with
classification methods in data mining that match the information
in helping to achieve the results of the classifier [6].

This study classifies data that is systematically organized
into a group to find out an individual is in a particular group, in
this study the classifier method used is random forest. A popu-
lar classification technique that blends the concepts of bagging
classification trees and randomizing subset features, based on
tree decisions and using aggregation ideas is Random Forest [7,
8, 9, 10]. The scheme is to build an ensemble predictor with
a set of decision trees grown on data subspaces chosen at ran-
dom. Despite their popularity and usefulness, random forests’
statistical characteristics have not been well studied, and little is
known about the algorithm’s underlying mathematical strength.
Particularly on high-dimensional data where the tree structure
explicitly represents interactions among characteristics, random
forest classifiers have been demonstrated to generate trees with
minimal bias and low correlation between individual trees, re-
sulting in effective classifiers. Some researches regarding the
implementation of random forest in health/medicine include [11,
12, 13, 14] and many more.

In this study we will discuss about random forest method
classification for glycosylation in lysine protein sequences.

2. METHODS

Protein and Amino Acids The primary macromolecule that or-
ganisms require is protein. The preferred function of protein is
to synthesize new proteins according to the needs of the body.
Protein contains 20 different kinds of amino acids. Each of the
20 different kinds of amino acids found in proteins has unique
chemical characteristics [15].

The human body needs proteins, and the primary building
blocks of proteins are amino acids, which are used by the body
for metabolism. Amino acids, which are the building blocks
of proteins and contain both carboxylic and amino groups, are
important regulators of many gene expression-related activities.
Amino acids are classified as either essential or non-essential.
The body can synthesize non-essential amino acids, while essen-
tial amino acids cannot and must be acquired through diets high
in protein. There are ten types of amino acids. Table 1 shows
the 10 amino acids.

2.1 Glycosylation
As already stated in [4], Glycosylation reactions or Maillard
reactions are reactions between the amine groups of proteins and
the aldehyde groups of glucose that can form reactive products,
which can further modify proteins. Figure 1 shows the main
types of human glycosylation.

Table 1. Various Kinds of Amino Acids [16]

Essensial Amino Acids Non-Essensial Amino Acids
Lysine Cysteine

Methionine Tyrosine
Valine Serine

Tryptophan Alanine
Isoleucine Asparagines
Histidine Aspartic Acid

Phenylalanine Glutamic Acid
Threonine Glycine
Leucine Hydroxylysine
Arginine Proline

2.2 Preprocessing
The preprocessing stage is data cleaning to eliminate repeti-
tive data or the same data, using two procedures to remove
sequences that have similarities greater than 10%, namely if a
pair of proteins reaches a sequence identity percentage greater
than the shortest sequence is discarded and if a pair of proteins
has a sequence identity percentage that lies outside the shortest
sequence range is discarded. Once the sequences have been
removed the list contains only data that has no similarity. Data
using the benchmark has a positive class dataset and negative
dataset getting the number of protein sequences positive data
214 sequences and negative 406. Table 2 displays the data after
preprocessing.

Table 2. Data After Preprocessing

Data set Number of Protein Sequences
Positive 214
Negative 406

2.3 Feature Extraction
Feature Extraction is an important process in classifying an
object to find the mapping of the original features into new
features to increase the accuracy of the results of classifying an
object [17]. This research uses the protein descriptor method
to divide the problem into a set of subproblems to propose a
more efficient algorithmic solution. The feature extraction used
is protein descriptor using BioSeqClass package, and this study
uses three kinds of feature extraction as follow.

2.3.1 CTD
A trait called Composition, Transition, and Distribution (CTD)
is used to forecast where proteins should be targeted. There are
21 factors in each CTD, including hydrophobicity, normalized
van der Waals volume, polarity, secondary structure, solvent
accessibility, and chain length, which includes the first 25, 50,
75, and 100% of a protein sequence [18].
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Figure 1. Main Types of Human Glycosylation [19]

2.3.2 AA Index
Numerous physicochemical and biological characteristics of
amino acids and amino acid pairs are represented by the AA
index, a database of numerical indexes. The three components of
AAindex are as follows: AAindex1 for amino acid indexes with
20 numerical values. With its sequence length, the AA index has
15 variables [17].

Table 3. The Total of All Variables

Feature Extraction Variable
CTD 21

AAIndex 15
PseAAC 24

The number of variables 60

2.3.3 Pseudo AminoAcid Composition
The technique known as pseudo amino acid composition retains
sequence information while serving as a tool for creating bio-
logical sequences using vectors. Of the 24 variables in PseAAC,
the first 20 features reveal the makeup of 20 amino acids [16].

The variables in this study amounted to 60 variables, namely
CTD consisting of 21 variables, AAindex 15 variables, Pseudo
Amino Acid Composite 24 variables. Feature extraction CTD,
PseAAC, and AA index are stored in the form of CSV files. Table
3 displays the total of all variables.

2.4 Random Forest
Random forest is a classification and regression-based strategy
with a decision tree aggregation step. This approach was selected
due to its ability to handle very large volumes of training data,
reduce errors, provide good classification accuracy, and work
well with incomplete data [20].

Important features of the random forest implementation in-
clude using bootstrap sampling to construct prediction trees,
having each decision tree use random predictors, and then inte-
grating the results of all the decision trees using a majority vote
for classification. In order to generate a forest with k trees, ran-
dom feature extraction is used, where m explanatory variables
are chosen at random where 𝑚 << 𝑝. The optimal parser is then
chosen based on (m) explanatory variables, and the process is
repeated k times. After modelling the training data with the
random forest package in R programming, the steps involved
in developing a classification model using the random forest
algorithm are completed.

Strength is the average or expected strength measure of a
single tree’s accuracy. Mtry is the number of distinct predictors
that should be tried at each node, and nodesize is the terminal
node’s minimum size. Regression tree count is denoted by ntree.
In order to obtain the best ntree, the tree should be strengthened
and have a small correlation in order to be created till the mistake
is minor. For the random forest approach to produce the best
results, m predictor variables must be chosen at random and k
trees must be created.

The use of the right m will result in OOB error depending
on the correlation between trees and the strength of each tree
in the random forest where increasing correlation can increase
OOB error while increasing trees can decrease OOB error. OOB
error is calculated from the proportion of misclassification of
random forest results from all original data. The research con-
ducted a random selection of ntree values, namely the default
in the random forest in R programming 500 ntree and also the
comparison values of 250, 750, and 1000.

The research testing step employs Cross Validation, a statis-
tical evaluation method that compares learning algorithms by
separating the data into two segments: one for learning or train-
ing the model and the other for validating the model. This cross
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Figure 2. Lysine Protein Glycosylation Classification Testing Results

validation is used for statistical methods to get prediction results
[21]. Assessment of prediction results is done using matrix eval-
uation, which is to calculate the performance of the classification
model using the confusion matrix [22]. The parameters in the
matrix can be seen in Equations 1, 2, 3 and 4, namely Accuracy,
Sensitivity, Specificity, and Matthew Correlation Coefficient.

ACC =

𝑇𝑃 + 𝑇𝑁

𝑇𝑃 + 𝐹𝑃 + 𝐹𝑁 + 𝑇𝑁

(1)

SN =

𝑇𝑃

𝑇𝑃 + 𝐹𝑁

(2)

SP =

𝑇𝑁

𝑇𝑁 + 𝐹𝑃

(3)

MCC =

(𝑇𝑃 ⋅ 𝑇𝑁) − (𝐹𝑃 ⋅ 𝐹𝑁 )

√

(𝑇𝑃 + 𝐹𝑁)(𝑇𝑃 + 𝐹𝑃)(𝑇𝑁 + 𝐹𝑃)(𝑇𝑁 + 𝐹𝑁)

(4)

where:
TP (True Positive): The number of positive data accurately clas-
sified by the algorithm.
TN (True Negative): The number of negative data accurately
classified by the algorithm.
FP (False Positive): the amount of positive data incorrectly clas-
sified by the algorithm.
FN (False Negative): the amount of negative data incorrectly
classified by the algorithm.

3. RESULTS AND DISCUSSION

Glycosylation classification on the lysine protein sequence was
carried out using the random forest method with 3 experiments,
namely different feature extraction with a total of 60 variables
and using parameters Mtry 4, 8, and 16 as well as ntree 250, 500,
750, and 1000. From the test results of glycosylation classification,
lysine protein gets the highest accuracy at Mtry 4 and ntree 500
which is 67.8% while the smallest accuracy is at ntree 1000 and
Mtry 16 at 64.1%.

Table 4. The Overall Out of Bag Error Results

Ntree
Mtry 250 500 750 1000
4 35.03% 34.85% 34.69% 34.74%
8 35.03% 34.83% 34.71% 34.62%
16 34.73% 34.71% 34.82% 34.40%

Testing using random forest there is a level of misclassifi-
cation or out of bag error (OOB) which gets the results of each
Mtry and ntree that for Mtry 4 the out of bag error continues to
decrease and the lowest result is when ntree 750 with an out of
bag error value of 34.69%, Mtry 8 shows out of bag error with
the lowest result when ntree 1000 with an out of bag error value
of 34.62%. While Mtry 16 shows the out of bag error with the
lowest result at the time of ntree 1000 with an out of bag error
value of 34.40%. Table 4 shows the out of bag error.
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3.1 Comparative analysis with previous study
Previous research using the Support Vector Machine (SVM) by
[6]method obtained greater accuracy than experiments using the
random forest method, the random forest method has less good
prediction performance results than SVM, namely getting the
results of 67.86% accuracy, 4.21% sensitivity, 97.20% specificity,
and 2.87% MCC. So that the random forest method has not been
able to produce the best use in the classification of protein lysine
glycosylation in the data. Table 5 shows the comparison results.

Table 5. Classification Performance Comparison

Method ACC SN SP MCC
SVM [6] 68.91 58.74 73.99 0.38

RF 67.86 4.21 97.20 2.87

4. CONCLUSIONS

From the results of glycosylation classification using random
forest, it can be concluded that the data used (glycosylated pro-
tein data that is still in string format) was first converted using
three extraction features consisting of AA index, composition,
transition, and distribution (CTD), and pseudo amino acid com-
position (PseAAC). Glycosylation was classified using random
forest with parameters Mtry 4, 8, and 16, and ntree 250, 500,
750, and 1000. The highest results were obtained using ntree 4
and Mtry 500, with an accuracy of 67.86%, sensitivity of 4.21%,
specificity of 97.20%, and MCC of 2.87%. When comparing the
results obtained by [6], which used the Support Vector Machine
(SVM) method, it was found that SVM had better final values.
Therefore, it can be said that in this case, random forest still has
relatively low final results when influenced by feature extraction
and the parameters used.
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