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In recent years, researchers have become increasingly interested in machine learning.  Machine learning has been widely 
used to solve multiple challenges that span a wide range of industries with industry-leading performance. This research 
study aims to use machine learning to determine the key biochemical roles of proteins called SNARE proteins.  Numerous 
studies have investigated human diseases as shown a loss of functional SNARE proteins (e.g., neuro degeneration, 
mental illness, cancer, etc.). Therefore, developing an accurate model to identify the role of these diseases is important to 
understand them, and developing therapeutic targets to treat them is an important task. We proposed a computational 
method based on SNARE-XGBoost, which contained on 1D-dimensional convolutional neural network and dipeptide 
deviation form expected mean (DDE) vector score matrix is used. We examined 10-fold cross-validation data set, then we 
obtained sensitivity is 76.6%, specificity is 93.5%, accuracy is 89.7%, and MCC is 0.70%.  In addition, we used 
experimental test to check the degree of overfitting of the model by evaluating independent data sets, and the results 
showed that we had eliminated overfitting.  Our proposed approach has yielded considerable overall excellent 
performance across all criteria compared to previous cutting-edge technologies. In the proposed study, we have created 
an excellent model for the identification of snare proteins and laid the foundation for broader research, which will facilitate 
the development of in-depth learning techniques, especially protein function prediction. 
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INTRODUCTION 

Several recent studies have focused on complex 
machine learning and artificial intelligence technique that 
uses multiple layers of neural networks to create a 
representation of high-quality data from a variety of inputs 
(Ghorbanzadeh, O., et al. 2019). Machine learning has 
been applied to a variety of problems, including speech 
recognition, image recognition and target detection. The 
benefits of machine learning include :(1) it is significantly 
superior to competitive methods in a wide range of 
applications; (2) GPU (Guirado, E.; et al. 2017), (3) 
Adapting to new tasks is relatively easy. Machine learning 
models are more effective than shallow networks in many 
situations, especially in massive data saturation problems. 
As a result, machine learning has become increasingly 
popular and led many large companies to focus on 
machine learning in the first few years. Over the past 
decade, great progress has been made in advancing 

machine learning through various deep neural network 
topologies. A large number of studies have shown that 
deep learning can produce more valuable results in many 
different areas, such as identifying people at risk of 
cervical cancer (Fernandes, K., et al. 2018), predicting the 
presence of piRNA (Boucheham, A., et al. 2017), and 
recording the performance of individual guitars (Burlet, G., 
& Hindle, A. 2017). Computational biology and 
bioinformatics researchers are interested in deep learning 
because of it carries very interesting concepts. The 
researchers attempted to propose a framework for using 
deep learning in bioinformatics by using 2D CNN, a widely 
used deep neural network. In the bioinformatics discipline, 
we expect our technology to produce a giant leap beyond 
standard machine learning methods. 

In the past, some scholars have used shallow neural 
networks in bioinformatics and computational biology to 
solve some difficulties. For example, in 2011, Robert 
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Bevan (and other colleagues) developed a software 
package called QuickRBF to train radial basis function 
(RBF) networks, which were then applied to a wide range 
of bioinformatics problems, including the classification of 
proteins (M. J. L. Orr, et al. 1996), transporters (Martı́nez-
Maza, R., 2001), and binding sites (Le NQK, Ou Y-Y. 
2016) that transport electrons. Use support vector 
machines to help biologists realize bioinformatics models. 
Applications of deep learning in areas such as 
bioinformatics and ab initio protein secondary structure 
prediction have recently become common for a variety of 
reasons (Li, Y., et al. 2019). However, our current 
understanding is that 2D CNN can produce better results 
in bioinformatics applications. Using our architecture, we 
predicted one of the most important molecules in the life 
sciences: snare proteins (Kloepper, T. et al. 2007). 
SNAREs are a highly conserved superfamily of tiny 
proteins whose cytoplasmic domains consist of 60-70 
amino acid patterns (SNAP modos) and are thought to be 
evolutionarily conserved. Snare proteins help cells 
connect to their membranes, leading to cell proliferation, 
cytokinesis, and synaptic transmission (McNew, J. A., et 
al. 2000). A single snare motif adjacent to the C-terminal 
membrane is most commonly found in a snare (e.g., 
synapse binding protein 2 and synapse fusion protein 1). 
The trap consists of two trap modes and a non-trans 
membrane segment connected by a long palmitoylation 
sequence. Snare proteins are increasingly being 
discovered in a variety of ways, and some studies have 
shown that the loss of functional snare proteins is 
associated with many diseases (e.g., neuro degenerative 
diseases (Hou, C., et al. 2017), psychiatric disorders 
(Chen, F., et al. 2021), cancer (Sun, Q., et al. 2016), etc.). 
Snare proteins are therefore critical to cellular function and 
should be studied in bioinformatic to discover them. 

Recent studies have explored the use of published 
studies in the field of snare proteins to have yielded high 
performance results, but to our knowledge, no researchers 
have attempted to predict snare proteins using machine 
learning methods. Because of the difficulty, we were 
motivated to design an accurate model for this. In this 
challenge, we have also adopted new classification 
methods, such as deep learning, which have yielded good 
accuracy in many areas. The theoretical basis behind the 
conclusions of this study is the effectiveness of deep 
learning, which means that two-dimensional convolutional 
neural networks (CNN) based on position specific scoring 
matrix (PSSM) are used for snare protein recognition. This 
concept has been used to discover two distinct groups of 
protein transporters: electron transporters (Le, N. Q. K., et 
al. 2019) (ETPs) and Rab GTPases (RabGs) (Li, P., & 
Guo, W. 2017). Therefore, we implemented this extension 
with the aim of identifying the many molecular activities of 
snare proteins. The results obtained are as follows: the 
first computational study to identify snare proteins and 
provide useful information for biologists to discover the 
function of snare molecules. We build a strong and useful 

computational predictor for biological systems. It is 
important to select a benchmark data set to train and test 
for prediction, as well as to select a suitable mathematical 
expression for the statistical sample to represent their 
relevance to the target to be predicted. We used cross 
validation is the best way to quantify the expected 
accuracy of predicted values.  
  
MATERIALS AND METHODS 

Method 
We proposed a method for SNARE protein classification 
framework which is shown in Figure 1. Most of the work in 
this area has been focused on computational method. We 
used feature extraction algorithm named a dipeptide 
deviation from the expected mean (DDE): In this research 
using a new hybrid model for SNARE protein sequence 
function classification. We then developed a method to 
recognize SNARE proteins and non-SNARE proteins. 
Although the dataset has the same number of positive and 
negative examples, we use two different filtering 
algorithms to balance the dataset. These are the 
subsampling filters and the oversampling filters. The data 
set was first used to train three classification models. We 
used four classifiers such as XGBoost, k-nearest 
neighbors (KNN), Random Forest and SVM. We 
employed cross-validated using a 5-fold cross-validation 
scheme to evaluate the predictive accuracy of the 
classification results. According to 5-Fold cross-validation 
techniques divided the entire data set into five subsets 
and runs one in each subset for training and one for 
testing. There are five possible classifications. The final 
assessment results are based on a weighted average of 
5-fold cv results, each with equal weight. In view of this 
study, it is to mention that the use of over-sampling or 
sub-sampling filters on the data sets will result in 
"contamination" of the data sets, which will lead to 
incorrect evaluation results. It is important for us to make 
sure our machine learning models are adequately trained. 
After creating the model, the final step is to test the model 
on the left side of the remaining 1x. The extremely 
efficient, versatile, and portable extreme gradient boosting 
method known as XGBoost (Chen, T., and Guestrin, C. 
2016) is also known as extreme gradient boosting (Wang, 
X., et al. 2019). XGBoost comprises a group of 
classification or regression trees, based on decision tree 
ensembles. The process is as follows: It uses the training 
data (which has many characteristics) to predict a target 
variable. 

Dataset Source  
The UniProt database contains the SNARE dataset. Snare 
proteins can be seen as a problem of classification, a 
problem of distinguishing snare proteins from other types 
of proteins. In other words, snare proteins were negative 
in our data set. To build accurate models, the negative 
examples must have similar structure and function to the 
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positive ones. Vesicle transporters were selected for use, 
each of which was defined as a negative instance. The 
resulting model combines both positive and negative 
cases to form a trap data set. The sample for this study 
consisted of golden datasets, we collected all corrected 
SNARE proteins, including SNARE motif, using this 
process. The subjects of this study consisted of protein 
resources at NCBI, and we've opted to gather all RefSeq 
protein sequences (Pruitt, K. D., et al. 2006). 
 

 
 

Figure 1: Our proposed framework model 
 

Table 1: Data collection and normalization 

 
Total 

dataset 
Experimental 
Used datasets 

Snare protein 644 206 

Non-Snare 
protein 

2234 252 

  458 

 
Feature Extraction Methods 
A method for identifying protein sequence functional 
relationships (DDE) that relies on dipeptide deviations 
from expected averages. An eigenvector matrix can be 
calculated for each protein. Extract the functionality in the 
following ways. Each protein sequence is defined by a 
joint distribution using three frequencies. All studies were 
performed using advanced techniques such as the 
production of SNARE proteins, sequence optimization of 
DDE and SAP peptide identification of dipeptides. Some 
models, such as (DDE) (V. Saravanan, et al. 2015) used 
peptide sequences of AAC in its development. Instead of 
traditional AAC, protein samples were used to sequence 
the details of the DDE-based components. Twenty 
essential amino acids are found in many different proteins, 
so 20x20 or 400 DDE characteristic carriers can be used 
for specific organisms. 

Feature’s The Optimal Feature Selection 
Given the wide range of variables, it is reasonable to 
assume that the probability score contains the repeating 
mass to improve performance and intensity. When making 
model predictions, you should remove the most helpful 

features. The subset function that produces the maximum 
gain, minimum training time, and minimum measurement 
requirements, reduced the overfitting and higher accuracy 
is the best subset function. So far, these methods include 
analysis of variance, maximum/maximum gap, minimum 
and maximum correlation redundancy, analysis of key 
component parameters, and cyclic elimination algorithms. 

Feature vector construction 
The dipeptide composition of proteins is widely used in 
describing the amino acid information of specific proteins. 
It was found that feature vectors based on the difference 
between the amino acid frequency and the expected 
mean led to the discovery of protein connections. Previous 
studies have used dipeptide composition to measure 
differences between dipeptide composition and predicted 
mean values. In this study, dipeptide composition was 
used (V. Saravanan et al. 2018). named this as an 
example of dipeptide deviating from the expected average 
(especially DDE) Using DDE eigenvectors, namely 
theoretical variation (Tv) and theoretical mean (Tm) (Dc), 
calculations of theoretical mean (Tm) and dipeptide 
composition were created. 
Furthermore, performed the above calculations and DDE 
Settings accordingly. The composition of dipeptide I is 
represented by peptide P, which measures DC (i) 
 

𝐷𝑐(𝑖) =
𝑛𝑖

𝑁
                                                  (1) 

 
All 400 dipeptide features were recovered, but not all 
features were included in the desired sequence. Neither 
dipeptide I nor dipeptide N exists in L-1 (i.e. potential 
energy in P). Theoretical or expected mean 
 

𝑇𝑀(𝑖) =
𝐶𝑖1

𝐶𝑁

× 
𝐶𝑖2

𝐶𝑁

                                             (2) 

The number of codons for the first amino acid (Ci1) is Ci1, 
while the number of codons and codons for the specified 
dipeptide (0I) for the second amino acid (Ci2) is Ci2. The 
complete nucleotide complement is CN minus three stop 
codons. Retrieve and precompute 400 dipeptide features 
because peptide P is not involved in TM (I). The 
theoretical variance of television is as follows: 
TELEVISION (I) is given by dipeptide I 
 

𝑇𝑣(𝑖) =
𝑇𝑚(𝑖)(1 − 𝑇𝑚(𝑖))

𝑁
                                    (3) 

 
Equation (2). Since peptide P contains 12 dipeptides, the 
total number of dipeptides is N, equal to L-1. After a 
tedious analysis, DDE (I) proved to be correct. 

𝐷𝐷𝐸(𝑖) =
𝐷𝑐(𝑖) − 𝑇𝑚(𝑖)

√𝑇𝑣(𝑖)

                                        (4) 
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Using 400-dimensional feature vectors, the calculated 
DDE is applied to each feature of the 400 dipeptides. 
 

𝐷𝐷𝐸𝑃 = {𝐷𝐷𝐸(𝑖), … , … 𝐷𝐷𝐸(𝑛)}, 𝑤ℎ𝑒𝑟𝑒 𝑖 = 1,2, … ,400 (5) 

 
Proposed XGBoost Model 
The present study employed a qualitative approach that 
involved extreme gradient boosting also named XGBoost. 
The research design involved based on framework model 
shown in Figure 1, we conceptualize three techniques for 
snare protein sequence structure and function prediction 
scenarios. We proposed these three techniques such as 
Data preprocessing, data labeling, and machine learning 
classification techniques are all used in the process. The 
functional prediction of SNARE protein (Le NQK, Nguyen 
V. 2019) sequences based on XGBoost model (Dan 
Zhang, et al.2021) which is the proposed learning model 
for diagnosis SNARE protein virus. The XGBoost model is 
used to reduce the redundancy in the prediction model. 
SNARE-XGBoost employed for accurate prediction of 
acute respiratory syndromes that have gone through many 
evolutionary processes and subsequent human 
transmission. To removed error values of each encoding 
feature, we used feature extraction techniques. Then we 
tried out a number of features vector scores, then decided 
to use a combination of 5-fold validation SNARE XGBoost 
coding model and then evaluate it using three machine 
learning classification models. The DDE features vector 
score matrix to produce a unique combination of 
prediction performance. Once we see how much XGBoost 
resembles traditional machine learning performance, we 
then used test classifier performance using set 5-fold 
cross validation controls as shown in Figure 1 shows the 
proposed model. The subject material was analyzed in an 
attempt to identify algorithms that mimic the patterns of 
the human brain. The training process used by XGBoost is 
like standard computer learning. 

Proposed classifications 
In this classification model, each extracted feature class 
contains each amino acid class. A number format and a 
binary array format are used to classify the expected 
classes (Besteiro, S., Coet al. 2006). The primary purpose 
of the classification structure is to limit the amount of 
content the user must learn in order to accurately evaluate 
unknown data. XGBoost and KNN classification is 
performed using the K value of the neighbor class closest 
to the current instance. The KNN model uses the density 
distribution distance as the classification method without 
considering the calculation of decision boundary. Radio 
frequency classification is based on probability and 
maximum probability calculations. 

XGBOOST algorithm 
The XGboost algorithm supplements the classifier by 
developing training schemes to improve the classification 
accuracy. When strong classifiers are involved, larger 

training sets of multiple weak classifiers need to be trained 
on the same data. When applying the XGBoost algorithm, 
you will follow the following steps: The first weak classifier 
is trained on N training cases. The initial weak classifier 
forms a new training set that contains the error-separated 
instances of all other instances of the training set. After 
training the first weak classifier, a new training set is used 
to train the second weak classifier. Training the new 
training set and training the third weak classifier are two 
independent processes. The instances are classified using 
the total weight of all the weak classifiers. 

KNN algorithm 
The analysis was based on KNN classification algorithm is 
an instance based solution (Gao, Xing, et al. 2020). Each 
feature vector in the training instance is a 
multidimensional classification label. The KNN method 
saves the feature vectors and their labels in an effective 
way throughout the training stage and is easy to access. 
When an entity without a label is classified, a vector in a 
multidimensional space is classified according to the 
labels of its K nearest neighbors. 

Random Forest 
Random forest is an integrated machine learning 
technique that can be used to deal with classification 
problems such as regression and other tasks. The training 
random forest uses samples from the same training set to 
generate decision trees. Random forest rank prediction 
usually follows the decision of the majority of trees in the 
forest. The random forest method can prevent the 
overfitting of a single decision tree training set (Le, 
Nguyen Quoc Khanh, et al. 2019). The algorithm of 
random forests is an ensemble algorithm that is used to 
solve the classification of regressive regression and other 
problems. The random forest algorithm builds m decision 
trees in the training phase with m training sets which are 
sampled and replaced by the same training settings. The 
problems of overfitting into a single decision tree can be 
overcome using random forest algorithms. 

Protein Structures Related to Snare Prediction Based 
on Computational Approaches. 
Understanding the structure of a protein is essential in 
order to understand its function, however testing the 
structure can take weeks or longer and some are unsafe. 
The protein structure prediction technique created by the 
researchers is already in use in research laboratories 
(Madhavan, Sethu M., et al. 2017, McDargh, Zachary A., 
2018). The system used in previous work is called 
AlphaFold, which is a deep learning system focused on 
protein structure prediction. Since there is no similar 
protein structure in the field of free modeling, the system is 
completely dependent on software provided by the 
relevant researcher or research group. In the current study 
we are working on improving these techniques to make 
them more accurate and we hope to provide useful 
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predictions so we are happy to share in the Snare these 
predicted protein structures built using our latest 
techniques. 
The recent advances in structure prediction research 
confirm that our current structure prediction method is still 
in development, but we are optimistic that the new system 
will produce more accurate structures than the CASP13 
system. Our predictions for other proteins in the Protein 
Database (PDB) were confirmed and we are confident that 
our model can be used for this purpose. We use 
confidence values for each residue to help determine the 
most likely structural component. It only provides 
predictions about the shape of proteins that lack templates 
or are difficult to model. Although current theoretical 
studies have not given much attention to these under-
explored proteins, they can help researchers understand 
Snare Protein. 

Performance Evaluation of Model 
The main purpose of this study was to find out whether 
Snare protein sequences were specific or non-specific. 
Thus, the term "snare protein" means "positive" and the 
term "non-snare protein" means "negative". For each data 
set, the model is 10-fold cross-validated on the training 
data set before being used on any other data set. Instead 
of trying many different models to determine which one is 
best for each data set, the data scientist will use 
hyperparametric optimization to find the best model for 
each data set based on the results of Five-fold cross 
validation. This independent data collection is used to 
verify the predictive power of existing models. The 
performance of our model was determined by four 
different measurements: sensitivity, precision, accuracy, 
and Matthews’s correlation coefficient (MCC). True 
positive, false positive and false negative are called TP, 
FP and TN respectively (Li, Guilin., 2020). Once the 
evaluation indicators are selected, they are implemented. 
 

TP
Sensitivity = 

TP FN                                    (6) 
 

TN
Specificity = 

TN FP                                    (7) 

TP TN
Accuracy = 

TP FP TN FN



                        (8) 
 

TP* TN FP* FN
MCC = 

(TP FP )(TP FN )(TN FP )(TN FN )



   
        

(9) 

Proposed machine learning classifiers 
The percentages in the table represent a study of the 
effectiveness of several machine learning methods for 
identifying proteins from SNARE protein. Four machine 

learning classifiers (e.g. XGBoost, Random Forest, KNN, 
and SVM) were used. To evaluate the model, the 
architecture implements XGBoost awareness and 
compares the effects of random forest, SVM and KNN 
classifier through machine learning. For equivalence 
comparison, we used machine learning classifiers in all 
tests. We achieved XGBoost model predicted higher 
performance in the same experimental parameters as 
used in other machine learning algorithms. We proposed 
XGBoost model is implemented by using proprietary data 
sets (Li, G., 2020., S. A. Dudani,  1976) and (H. Bu, et al. 
2018). 
 
RESULTS  

Our findings can be compared to results of earlier 
studies that large number of SNARE protein makes it 
difficult to find random protein sequences using XGBoost, 
we extract features using DDE which should be 
considered when generating new protein sequence’s 
function. The same data set is used for different 
categories. In contrast, this is the most successful 
technique for compressed dipeptide deviation from the 
predicted mean (DDE) generated space. The variety of 
personal and public places highlights the importance of 
the following locations. XGBoost analysis was performed. 
The XGBoost with DDE strategy helps to find the optimal 
growth parameters of the model. XGBoost content 
analysis is used to quantify the extent of SNARE protein 
function and is used as an indicator to assess factors 
affecting immunoglobulin function. For constant precision 
values between snare protein structures, O values in L are 
set to 1, 2, 3, 4, 5, and 6, as shown in Table 2. 
 
Table 2. Performance results of identifying SNAREs 
with XGBoost algorithm  
 

 
ACC Precision npv Sensitivity 

XG 
Boost 

0.9413% 0.8916% 0.942% 0.8913% 

 Specificity MCC F1 ROC-Auc 

XG 
Boost 

0.9913% 0.8831% 0.8911% 0.9446% 

 
In order to overcome the shortcomings of the 

traditional prediction model, several alternative models 
with different characteristics were applied through 5-fold 
cross-validation. The results were based on five cross-
validation runs, performance comparisons of our proposed 
models, and five cross-validation runs based on 
differences between positive and negative data sets. The 
results were analyzed according to statistical studies, 
performance accuracy obtained 0.9413%, which is pretty 
good as shown in Figure 2, based on ROC AUC curve. 
This means that our model estimates well, as the AUC is 
estimated at 0.9446%.  
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Figure 2: Proposed model XGBoost ROC-AUC score  

 
The findings would suggest that ROC curves were 

created based on 5-fold cross-validation results and used 
to further evaluate the efficiency of the CNN model. The 
vertical or true positive rate (TPR) is calculated as the 
number of examples of correct classification, while the 
horizontal or false positive rate (FPR) is based on the 
number of examples of incorrect classification (FPR). For 
validation purposes, DDE compared its own data points 
with those in the validation dataset, showing ROC and 
AUC scores of 0.9446% in the validation dataset.  

Receiver Operating Characteristics (ROC) AUC curves 
with three ML Classifiers 

We achieved ROC (AUC) curve using with 5-fold 
cross-validation, with ROC (AUC).  There was a slight 
difference in median values across our suggested 
XGBoost model, which performs well in both DDE 
synthesis scenarios. This finding proves the effectiveness 
of the scheme. When the outputs of XGBoost trap proteins 
were examined using different data sets, relationships 
between xGBoost trap proteins were found.  In addition, 
we employed three machine learning classifiers were 
implemented with based on 5-fold cross-validation, with 
ROC (AUC) values. Results obtained by Random forest 
classifier, KNN classifier (KNN) and SVM classifier (RFC), 
are consistent with our findings. The Random Forest 
classifiers predictive accuracy performance 0.9195%, and 
Random Forest classifiers obtained Receiver Operating 
Characteristics (ROC) AUC curves 0.9026%, as shown in 
Figure 3. 

 
Figure 3. Random Forest classifier obtained ROC-AUC 
score 

Results were considered significant KNN classifier 
(KNN) predictive accuracy performance 0.7530%%, KNN 
classifier obtained Receiver Operating Characteristics 
(ROC) AUC curves 0.8048%, as shown in Figure 4. 

 

 
Figure 4: KNN classifier obtained ROC-AUC score 

The SVM classifier (RFC) predictive accuracy 
performance 0.7505%, SVM classifier (RFC) obtained 
score based on Receiver Operating Characteristics (ROC) 
curves 0.8369%, as shown in Figure 5. 

 
Figure 5: SVM classifier obtained ROC-AUC score 
 
These data confirm the accuracy of the SNARE 

protein in figure 3, 4 and 5. The ROC-AUC curve uses a 
ROC curve similar based line to the previous method, and 
the AUC value is accurately achieved.  The results of our 
proposed model are supplemented by three classifications 
with the help of classifiers. 

Classifying results using the hybrid features 
extraction models 

Table.3 Demonstrate the classifier’s predictive 
effectiveness using the room for the DDE hybrid 
characteristics. But the XGBoost Algorithm provided 
excellent results in this combine comparison of based on 
DDE feature extraction schemes. Proposed XGBoost 
classifiers predicted performance is excellent better than 
others three classifiers. We obtained the XGBoost 
classifier performance accuracy score 0.9413%, senility 
score is 0.8913% and Specify score is 0.9913% and then 
MCC score is 0.8831%.  The Random forest classifiers 
predictive accuracy performance 0.9195%, Results were 
considered significant KNN classifier (KNN) predictive 
accuracy performance 0.7530%%, The SVM classifier 
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(RFC) predictive accuracy performance 0.7505%, as 
shown in Table 3, we presented a comparison result with 
3 MLCs. 

 
 
 

 
Table 3: The efficiency of different methods based on classifiers on various feature extraction schemes. 
 ACC Precision npv Sen Spec MCC F1 ROC-Auc 

XGBoost 0.9413% 0.8916% 0.942% 0.8913% 0.9913% 0.8831% 0.8911% 0.9446% 

RF 0.9195% 0.8519% 0.940% 0.8913% 0.9478% 0.8407% 0.8708% 0.9026% 

KNN 0.7530% 0.7364% 0.774% 0.7391% 0.7669% 0.5087% 0.7321% 0.8048% 

SVM 0.7505% 0.6761% 0.910% 0.9047% 0.5964% 0.5417% 0.7724% 0.8369% 

 
Identifying a comparison of combined 4 four feature 
extraction approaches 

In particular ROC Auc curves score that suit SNARE 
Proteins which contain ROCs AUC corresponding to one 
feature extraction approaches are XGBoost (auc=0.93), 
Random Forest curve socre is (auc=0.90), KNN ROC 
AUC Curve score is (auc=0.79) and SVM ROC AUC score 
is (auc=0.79), In the figure are seen better than other 
methods according to these ROC-auc outputs of XGBosst 
(DDE) as shown in Figure 6. 

 

 
Figure 6: Proposed model ROC-AUC score result 

 

Performance comparison of different classifiers 
The best result for the features extraction algorithm 

DDE used with XGBoot classifier then obtained predicted 
performance accuracy were 0.94%, Sensitivity score were 
 
 
 
 
 
 
 
 
 
 
 
 
 

Figure 7;Performance comparison with classifiers 

0.89%, Specialty score were 0.99%, MCC score were 
0.88% and then ROC AUC score was 0.94%. Then a 
precision score was achieved in the DDE model which 
indicates that our test overall SNARE-XGBoost 
classification performance is 1st one, and then 2nd one is 
Random Forest ROC AUC score with performance.  And 
then third one is the KNN classification according to ROC 
AUC score which is the highest analyses as shown in 
Figure 7. 

 
DISCUSSION 

Before we analyze the data, it would be wise to 
protein function prediction is a crucial topic for biological 
researchers given the amazing achievements of XGBoost. 
In this study, we've taken a machine learning model 
approach to the problem of discovering SNARE proteins. 
Our proposed model was trained using a 5-fold cross-
validation set, and the performance outcomes were 
examined using an independent set. Our technique 
achieved improved performance in all the common 
measuring measures when compared to the state-of-the-
art predictor.  We used the unbalanced dataset and the 
balanced dataset, we applied the SNARER descriptors 
and the Four selected ML algorithms. Four feature sets 
(DDE with 400D) were initially taken into account 
separately, and then each one was combined with the 
SNARER descriptors class. Four criteria were used to 
assess the classification performances: average specificity 
(AS), average accuracy (ACC), and average sensibility 
(SN) (SP). Through this research, biologists will be able to 
accurately identify SNARE proteins and use this data to 
build new drugs. We also provide a method for interpreting 
protein sequence data, which will be useful for future 
bioinformatics research, particularly in the prediction of 
protein functions. 

CONCLUSION 
After the exponential increase in data from gene 
sequence, in recent decades, many ML techniques for 
identification of proteins have become important to assist 
traditional methods. To detect the above listed 
pathological diseases, the importance of recognizing them 
more accurately has a substantial biological impact. The 
purpose of identifying these proteins enables researchers 
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to comprehend the biological pathways in which they 
participate and can improve the potential therapeutic 
strategy by improving their expertise. Our study used a 
variety of techniques to identify SNARE Proteins 
functions. We found that 400 features which used as 
features extraction algorithm named DDE and then used 
XGBoost algorithm for prediction performance.  XGBoost 
predicted performance were excellent which were better 
than other classifiers. DDE feature extraction algorithm 
were used to extract SNARE proteins from human muscle 
tissue, and then three machine learning classifiers were 
used to check the four metric performance sets obtained.  
DDE is best feature extraction algorithm for each feature 
function is determined. In order to identify SNARE 
Proteins more accurately and efficiently, a feature 
compression model based on SNARE-XGBoost was 
developed by evaluation the performance of all the best 
feature sets. We examined various approaches for 
extraction of the SNARE binary protein classes based on 
a balanced and an un-balanced dataset, with and without 
the addition of the additional contributions of the SNARE 
descriptors. Therefore, using the homogeneous datasets, 
we compared the performance of three ML (RF, KNN and 
SVM) algorithms. This work tries to use a machine 
learning study to predict proteins SNARE, one of life 
science's most important molecular activities. We next 
investigated the results of several methods of extraction 
and their combinations and classification algorithms to 
make more efficient prediction models. 
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