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Abstract

Proteomics, the study of proteins and their functions within biological systems, has become increasingly data-intensive,
presenting both opportunities and challenges. This project addresses the need for advanced data analytics and data integrity in
proteomics research. Leveraging the power of machine learning (ML) and blockchain technology, this attempt aims to transform
proteomics research. This work encompasses three key objectives. First, collect, clean, and integrate proteomics data from
diverse sources, ensuring data quality and consistency. Second, employ ML algorithms to analyze this data, revealing crucial
insights, identifying proteins, and predicting their functions. Third, implement blockchain technology to safeguard the
authenticity and integrity of the proteomics data, providing an auditable and tamper-proof record. Implemented a user-friendly
web interface, facilitating collaboration among researchers and scientists by granting access to shared data and results. This study
included various classification methods for the investigation of protein classification, namely, random forests, logistic regression,
neural networks, support vector machines, and decision trees. In conclusion, the proposed work is poised to revolutionize
proteomics research by enhancing data analytics capabilities and securing data integrity, thereby enabling scientists to make
more informed and confident discoveries in this critical field.

Keywords

Proteomics, Computational Biology, Bioinformatics, Machine Learning, Blockchain

1. Introduction

Proteins serve a significant part in the cellular mechanism
of living organisms. Understanding the function of a protein is
of utmost significance while undertaking proteomic studies on
it. This phenomenon can be attributed to the high cost, lengthy
processing time, and inherent difficulties associated with
determining the functional properties of proteins by functional
tests. This phenomenon can be traced to the high cost, lengthy
processing time, and inherent difficulties associated with
determining the functional properties of proteins through

functional tests. According to Bernardes and Pedreira [1],
these conditions require the development of a computational
approach for determining a protein sample based on the raw
data acquired from high-throughput methodologies, encom-
passing protein sequences, the structure of proteins, and the
interaction between protein molecules.

Conventional methodologies for protein function classifi-
cation aim to ascertain the evolutionary correlation between a
novel protein and a reference protein. A substantial sequence
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similarity score may indicate a strong likelihood that two
proteins have a common evolutionary origin. Nevertheless, it
is widely recognized that proteins exhibiting a high degree of
similar sequences may not always exhibit identical activities.
According to Aggarwal, Divyanshu et al. [2], The presence of
inaccurate annotations has the potential to rapidly spread and
magnify inside extensive datasets. These inaccuracies can be
attributed not just to fundamental transfer processes rooted on
homology, as well as to the manual nature of data processing.

Over the recent years, scientific research has been pre-
sented with an opportunity to develop innovative classifica-
tion models and frameworks to address such challenges, ow-
ing to the expansion of biological databases and notable de-
velopments in computer resources. Considering current ad-
vancements in natural language processing research and se-
quential preliminary data processing employing machine
learning models, it is essential to assess the appropriateness,
viability, durability, and comprehensibility of these models for
the designated task. The main aim of this work is to present a
holistic solution to the data-intensive challenges in proteomics
research. This analysis seeks to offer a comprehensive review
of the methodologies employed in protein function classifi-
cation. The primary aims of this study encompass the collec-
tion, cleaning, and integration of a wide range of proteomics
data. The implementation of various machine learning
methods, including random forests, neural networks, logistic
regression, support vector machines, and decision trees, is
employed for the purpose of analysis. The model for the pre-
diction framework has been chosen based on its accuracy,
precision, and recall.

This research examines various models employed for the
classification of protein sequences and how they are utilized,
as mentioned in section 2 related work. Section 3 has a dis-
cussion of the research methodology of the proposed work.
The implementation of the proposed work is addressed in
section 4. The discussion of the experiment results is men-
tioned in section 5. The research conclusions and future work
are addressed in 6.

2. Related Work

Proteins are comprised of a series of amino acids that are
interconnected by peptide bonds, and they serve a crucial
function in sustaining biological processes and explained well
by Karunapala on [3]. Protein function predictions are of
paramount importance in comprehending illnesses and de-
veloping therapeutic interventions for their treatment. In ad-
dition to experimental investigation, other alternative meth-
odologies have been devised and executed for the purpose of
protein function prediction. These include similarity of se-
quences explained by Piovesan et al on [4], segmentation
concepts laid down by Rentzsch and Orengo on [6], interac-
tion between proteins by Kotlyar et al [5], and more. Nu-
merous empirical investigations have been undertaken to
forecast the functionality. Protein function predictions can be

accomplished through the utilization of sequence similarity,
structural similarity, or a combination of both methodologies.
This methodology requires significant resources and compu-
tational time in order determine the functions as explained by
Singh and Tripathi on [8].

The classification method that utilizes sequential patterns
as features in a pattern-based approach, explained in detail by
Z. He, S. Zhang [7]. The chosen pattern must meet the fol-
lowing criteria: To meet the criteria, the following require-
ments should be fulfilled: (1) the text should occur with reg-
ularity, (2) it should possess unique characteristics that dif-
ferentiate it from other classes, and (3) it should avoid un-
necessary repetition. Numerous pattern-based classification
approaches have been later introduced in pursuit of this ob-
jective. These methods involve the imposition of various
limitations on the selection of patterns as features. Authors
Goodfellow, Mirza et al [10] introduced a reference-based
sequence classification framework that extends the scope of
pattern-based approaches. The framework exhibits a high
degree of generality and adaptability, rendering it suitable as a
versatile platform for the development of novel algorithms in
the field of sequence classification. This study introduced a
novel framework and subsequently proposed multiple fea-
ture-based sequence classification methods inside this
framework. A series of intensive experiments conducted on
data sets shown that their methodologies exhibit superior
classification accuracy compared to sequence classification
techniques.

The task of detecting protein-interacting points within a
given sequence using machine learning techniques poses
significant challenges. These challenges arise from the in-
herent complexity of protein structures and the relatively
limited variety of sequence patterns observed in proteins.
Nevertheless, there are substantial differences in the molecu-
lar characteristics of protein sequences between regions that
bind and regions that do not bind in protein complexes. The
utilization of these unique biological characteristics can ef-
fectively contribute to predictive modelling through the im-
plementation of feature selection, input data processing, and
feature optimization approaches inside machine learning
algorithms on Reference-Based Sequence Classification [11].

The studies conducted by various authors [9, 14] employed
the Random Forest machine learning algorithm for the pur-
pose of predictive modelling of protein sequences. The
structure of the random forest is characterized by its com-
plexity, as it involves a multitude of factors. During the op-
eration process, certain parameters and sequences are defined
by the procedure for learning in model training. Consequently,
the random forest can be classified as a black box model
according to research conducted by structural bioinformatics
team [14]. Data generation is a prominent area of study within
machine learning, encompassing a range of captivating ap-
plications. Generative methodologies, such as generative
adversarial network (GAN) and diffusion models, have
demonstrated remarkable outcomes mostly in the domain of
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image prediction [10].

This comprehensive survey explores the application of ma-
chine learning techniques in proteomics. It discusses how pro-
teomics enables the identification of increasing numbers of pro-
teins and how machine learning can be used to analyze and in-
terpret proteomics data by authors of [13] and on cancer classi-
fication with ensemble [17]. The study conducted by Agarwal, et
al [12] examined the utilization of diverse machine learning
techniques and the genetic algorithm for the purpose of predict-
ing protein structure across many datasets. Various datasets, such
as PDB and Sander database, have been employed in diverse
machine learning algorithms, including random forest and neural
networks. The level of accuracy is dependent upon the specific
algorithm employed for processing the dataset.

3. Methodology

This section provides an overview of the methodology used
for the proposed framework. The methodology has five dis-
tinct steps, specifically data collection, data pre-processing,

Analyst

Data Collection

l

Pre-processing

l

classification models, classification analysis, and prediction
model.

3.1. Data Collection

The task of predicting the samples and sequences of proteins
from a variety of proteins is an immense effort. In this study, a
protein dataset has been gathered from the Research Collabor-
atory for Structural Bioinformatics (RCSB). The dataset under
examination, referred to as the Structural Protein Sequences
dataset [13], comprises a total of 467,304 sequences that have
been categorized. The dataset under evaluation has commonly
been employed for protein function prediction due to its me-
ticulous assessment and correction by the specialists at RCSB
[14]. The dataset has a total of 467,304 samples, which are
classified into five distinct categories: Protein, Protein#RNA,
Protein#DNA, DNA, and Protein#DNA#RNA. The dataset
description is presented in Figure 2. The dataset of proteins is
utilised in experimental evaluation and for the identification of
the most appropriate model for prediction.

‘ Classification models | Classification Analysis
> Testing
» Random Forest v
» Logistic Regression ! ; o ACCuracy
» Meural Networks —* Model Creation / . r:,.;_--du";f: |
« Decision Tree : : « Racal !
« Support Vector Machine | (
/ Compare Performances
Training | [ Testing | || |
Identify Bast Model
¥
I Collect Data —_— Protein Prediction I - 1
Sources ’
LY
Block Chain

Figure 1. Methodology.
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RangeIndex: 47304 entries, 8 to 467383
Data columns (total 5 columns):

#  Column Non-Null Count Dtype
0] structureld 467304 non-null object
1 chainId 467294 non-null object
2  sequence 467276 non-null object
3 residueCount us736d non—-null intéd
4 macromoleculeType 432487 non-null object

dtypes: inteud(1), object(u)
memory usage: 17.8+ MB

Figure 2. Dataset description.

3.2. Data Pre-Processing

During the data pre-processing phase, the TF-IDF Vector-
izer was implemented in this study. The TF-IDF Vectorizer is
a widely employed feature extraction tool in the field of
Natural Language Processing (NLP) that facilitates the con-
version of textual texts into numerical feature vectors [16].
The acronym TF-IDF represents Term Frequency-Inverse
Document Frequency, a statistical metric employed to assess
the significance of a term in a document within a certain col-
lection or corpus. The TF-IDF Vectorizer is frequently em-
ployed as a preliminary procedure in a range of Natural
Language Processing (NLP) endeavors, including but not
limited to text categorization and information retrieval. This
facilitates the efficient utilization of machine learning algo-
rithms in the analysis of textual data.

3.3. Classification Models

This section discusses the utilization of machine learning
and mathematical techniques in the framework of protein
classification. Various classification strategies are at available
for the identification of proteins. This study included various
classification methods for the investigation of protein classi-
fication.

1. Random forests
Logistic regression
Neural networks
Support vector machines
Decision trees
Random Forest

Predictive modelling and behavior analysis both make exten-
sive use of the random forest methodology. The building blocks
of it are decision trees. Several decision trees make up the ran-
dom forest, and each one represents a different data classification
example and are explained in detail on Mining conditional dis-
criminative sequential patterns [17] and using random forest
clustering for discrete sequences [15]. Pattern Recognition Let-
ters. With random forests, each example is assessed inde-
pendently, and the forecast is chosen by tallying up the votes.

ii. Logistic Regression

In statistics, logistic regression is a tool for analyzing data

Tk wn
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that uses mathematical concepts to find the relationships be-
tween two variables. After that, use the previously described
association to predict the value of one of these variables using
the data given by the other. There is usually only one possible
result included in the forecast, like a yes or no answer [18].

iii. Neural networks

Evaluating the performance of biological networks is its
principal use. A strategy to learning based on adjusting
weights between neuron connections is used in this technique.
The activation function is crucial to the model's output [19].

iv. Support Vector Machine

To solve binary classification problems, supervised ma-
chine learning frameworks like the support vector machine
(SVM) use classification techniques [20]. When comparing to
more contemporary methods like as neural networks, it is
obvious that they contain two key benefits: improved com-
puting speed and enhanced performance. This method excels
at text classification tasks because of its unique properties,
especially when working with small datasets that contain
thousands of labelled samples.

v. Decision trees

When it comes to classification and regression analysis, de-
cision trees are the go-to non-parametric supervised learning
approach. The goal is to learn some fundamental deci-
sion-making rules from the data's characteristics so that you can
build a prediction model that can estimate the real value of the
target variable. Trees can be thought of as representations that
use piecewise constant parts to approximate functions [21].

3.4. Classification Analysis

The classification analysis employs mathematical method-
ologies, statistical techniques and machine leaning models, to
assess the effectiveness of selected classification models
during the process of training and testing. Training involves
the supply of information to machine learning models in order
to instruct them on the methods of making predictions or
executing a certain task. In the field of machine learning, the
term "testing" pertains to the evaluation of the results of a
trained model on a designated testing set. To assess the effec-
tiveness of the aforementioned five classifiers, the perfor-
mance measures employed include accuracy, precision, and
recall which are described in Table 1.

Table 1. Performance metrics.

(TP+TN)
Accuracy (AC) AC = TP+TNTFP+FN
Precision (p) p = TPTfFP
Recall (r) r = T:—fFP

The variables TP, FP, TN, and FN denote the respective


http://www.sciencepg.com/journal/ajai

American Journal of Artificial Intelligence

http://www.sciencepg.com/journal/ajai

quantities of true positive, false positive, true negative, and
false negative proteins.

3.5. Prediction Model

The proposed ML-blockchain approach addresses the lim-
itations of traditional methods by leveraging the power of
machine learning, and blockchain. ML algorithms can be used
to develop models that can accurately identify and quantify
proteins from proteomics data. In the prediction model, an
accurate ML model was implemented to identify protein data
from the sources and store it using blockchain. Blockchain
technology can be used to ensure the integrity and security of
the data. This work provides scalable and reliable computing
resources for running machine learning models and storing
data.

4. Implementation

The implementation of this work was completed in Python,
utilizing a range of Python libraries. Scikit-learn, a Python
package for machine learning, offers a wide range of methods
for classification, regression, and clustering. It is also used for
classifying DNA sequences. The key elements of the pro-
posed system implementation are outlined below:

Machine Learning (Classification): Machine learning
methods can be utilized to construct a model capable of cat-
egorizing sequels by analyzing diverse aspects and attributes.
Python's machine learning libraries, such as scikit-learn and
TensorFlow, can be advantageous for this undertaking.

Python: Machine learning techniques can be employed to
build a model that can classify sequels by examining a variety
of various features and attributes. Python's machine learning
libraries, such as scikit-learn and TensorFlow, offer signifi-
cant benefits for performing this task.

Flask: Flask is a minimalistic web framework designed for
Python. Flask can be utilized to develop a user-friendly online
interface that facilitates interaction with machine learning
models and enables access to database operations.

MySQL: MySQL is a robust relational database manage-
ment system that enables the storage and management of
several types of data associated with different projects, in-
cluding training data, classification results, and user data.

Blockchain (Integrating for Scalability): Blockchain tech-
nology can be incorporated to enhance the scalability of data
by ensuring its security and immutability, particularly when
handling sensitive information. This effort deployed block-
chain using truffle and ganache frameworks. Ethere-
um-specific development framework Truffle is popular. It
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gives developers complete tools for building, assessing, and
executing intelligent contracts. Truffle simplifies blockchain
development with a developer environment, testing system,
and resource pipeline. Truffle easily integrates with Ganache,
a development and testing Ethereum network. Ganache lets
developers connect to simulated Ethereum accounts locally to
test smart contract code.

5. Results and Discussion

The main aim of this work is, how can machine learning
techniques be effectively applied to proteomics data to im-
prove protein identification and quantification accuracy? To
assess the effectiveness of the five classifiers, namely, random
forest (RF), neural networks (NN), logistic regression (LR),
support vector machines (SVM), and decision trees (DT), the
performance measures employed include accuracy, precision,
and recall. This section outlines three experiments that were
undertaken to calculate the performance scores using two test
sets. The test sets consist of 20% and 30% of the dataset,
which will be used to evaluate the performance of the model.

Experiment 1;

This experiment was undertaken to determine the accuracy
scores of the machine learning models utilizing two test sets
and compare the results provided by Zhang and Team [8]. The
accuracy results for all the classifiers are shown in Table 2.
Figure 3 illustrates a comparative study of the accuracy of all
five machine learning models.

Table 2. Accuracy results.

Protein testset 1 Protein testset 2

Classification Model

(%) (%)
LR 90.56 93.1
RF 46.88 29.04
DT 46.86 29.09
NN 93.68 93.98
SVM 45.6 28.72

Table 2 demonstrates that the Neural Network classification
technique outperforms other classification methods when
evaluated on two different test sets. It is evident that the dif-
ference in accuracy measures between of the two test sets of the
Neural Networks is negligible. The accuracy values of the other
classifiers except logistic regression are significantly poor.
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ACCURACY GRAPH

M ProteinSet 1 M ProteinSet 2

90.56
93.1
93.68
93.98

16.88
46.86
G

29.09

28.04
28.72

LR RF DT NN SVM

Figure 3. Accuracy comparison graph.

Experiment 2:

This experiment was conducted to determine the precision
scores of the ML models with two test sets. The precision Table 3. Precision results.
results for all the classifiers are shown in Table 3. Figure 4
illustrates a comparative study of the precision of all five
machine learning models with performance with different
deep-learning techniques described by Agarwal [2] and Zhang LR 90.09 92.9
[9] works. RF 92.82 92.96

Table 3 shown that the Neural Network algorithm outper-

Classification Model Protein testset 1%  Protein testset 2%

] . DT 92.77 92.96
forms other algorithms when evaluated on two different test
sets. It is evident that the difference in precision measures NN 93.78 93.69
between of the two test sets of the Neural Networks is negli-  gym 89.89 91.17
gible.

PRECISION GRAPH
M ProteinSet 1 ProteinSet 2
LR RF DT NN SVM
Figure 4. Precision comparison graph.
Experiment 3: This experiment was conducted to determine the recall
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scores of the classification models with two test sets. The
recall results for all the classifiers are shown in Table 4. Figure
5 illustrates a comparative study of the recall scores of all five
machine learning models.

Table 3 shown that the Neural Network algorithm outper-
forms other algorithms when evaluated on two different test
sets. It is evident that the difference in precision measures
between of the two test sets of the Neural Networks is negli-
gible. The recall values of the other classifiers except logistic
regression are significantly poor.

Table 4. Recall results.

Classification Model  Protein testset 1%  Protein testset 2%

RECALL GRAPH

M ProteinSet 1

DT

LR 90.56 93.1
RF 46.88 29.04
DT 46.86 29.09
NN 93.68 93.98
SVM 45.6 28.72
ProteinSet 2

NN SVM

Figure 5. Recall comparison graph.

6. Conclusion and Future Work

Proteomics, the scientific discipline that investigates the
properties and roles of proteins in living organisms, has ex-
perienced a significant rise in the amount of data it generates.
This trend brings out several prospects and difficulties. This
project aims to fulfil the requirement for sophisticated data
analytics and data integrity in the field of proteomics research.
By leveraging the capabilities of Machine Learning (ML),
Blockchain technology, objective is to revolutionize prote-
omics research. There are five distinct classification algo-
rithms used for protein sequence classification and predictions:
Random Forest (RF), Logistic Regression (LR), Neural
Networks (NN), Support Vector Machines (SVM), and Deci-
sion Trees (DT). Performed an experimental analysis for
classification and predictions using two test sets, each con-
sisting of 20% and 30% of the dataset, respectively. The ex-
perimental findings demonstrate the superior performance of
the Neural Network algorithm compared to other algorithms
in the classification task. This work successfully achieved
Scalability, Availability, Data integrity, and security by in-
corporating blockchain technologies. Future research can plan
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to investigate more suitable approaches for protein sequence
comparison and deep learning models to enhance perfor-
mance and decrease computing costs.

Abbreviations

DNA: Deoxyribonucleic Acid

DT: Decision Trees

FN: False Negative

FP: False Positive

GAN: Generative Adversarial Network

LR: Logistic Regression

ML: Machine Learning

NLP: Natural Language Processing

NN: Neural Networks

PDB: Protein Data Bank

RCSB: Research Collaboratory for Structural
Bioinformatics

RF: Random Forest

RNA: Ribonucleic Acid

SVM: Support Vector Machine

TF-IDF: Term Frequency-Inverse Document Frequency

TN: True Negative
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