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Abstract - Protein remote homology detection and fold
identification are important tasks in computational
biology that have significant implications for
understanding protein function, evolution, and drug
design. Deep learning has emerged as a powerful
approach for solving various biological problems,
including protein remote homology detection and fold
identification. In this work, the potential of deep
learning in improving the accuracy of protein remote
homology detection and fold identification is
explored. The performance of deep learning models
has been compared with that of traditional methods
using the Matthews Correlation Coefficient as the
evaluation metric. Our results show that deep learning
models outperform traditional methods in detecting
protein remote homology and identifying folds. This
paper provides evidence of the potential of deep
learning in improving the accuracy of protein remote
homology detection and folds identification.

Indexed Terms- Proteins, remote homology detection,
fold identification, deep learning, Matthews
Correlation  Coefficient, convolutional neural
networks, recurrent neural networks, transfer
learning.

I INTRODUCTION

Proteins play a critical role in living organisms and are
involved in a wide range of biological processes.
Understanding protein  function, evolution, and
structure is crucial for advancing the fields of
biochemistry, biology, and medicine. Protein remote
homology detection and fold identification are two
important tasks in computational biology that aim to

IRE 1705014

identify similarities between proteins based on their
sequence or structure information. The identification of
remote homology, i.e., evolutionary relationships
between proteins that are not easily recognizable by
traditional sequence comparison methods, can provide
insights into protein function, evolution, and disease.
Similarly, the identification of protein fold, i.e., the
three-dimensional arrangement of a protein's amino
acid residues, is important for understanding protein
function and stability.

Over the past decade, deep learning has emerged as a
powerful approach for solving various biological
problems, including protein remote homology
detection and fold identification. Deep learning models,
such as convolutional neural networks and recurrent
neural networks, have shown high accuracy in various
domains, including image recognition, natural language
processing, and bioinformatics. However, the
application of deep learning in protein remote
homology detection and fold identification is still in its
early stages, and there is a need for more research to
evaluate the potential of deep learning in these areas.

In this article, the potential of deep learning in
improving the accuracy of protein remote homology
detection and fold identification has been explored. The
performance of deep learning models with that of
traditional methods has been compared using the
Matthews Correlation Coefficient as the evaluation
metric. The results provide evidence of the potential of
deep learning in these tasks and highlight the need for
further research in this area.
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1. LITERATURE REVIEW

Protein remote homology detection and fold
identification are important tasks in computational
biology that have received significant attention from
the research community. Over the past decades, various
methods have been developed for protein remote
homology detection and fold identification, including
sequence-based methods, structure-based methods, and
hybrid methods [1]. Sequence-based methods compare
the sequences of proteins to identify similarities and
relationships between them [2]. These methods have
been widely used and have achieved high accuracy in
many cases. However, sequence-based methods can
have limitations, as remote homology can be difficult
to identify based solely on sequence information [3].

Structure-based methods compare the three-
dimensional structures of proteins to identify
similarities and relationships between them [4]. These
methods have been shown to be more effective in
identifying remote homology compared to sequence-
based methods [5]. However, structure-based methods
can be computationally expensive and may require
accurate 3D structure information, which is not always
available [6].

Hybrid methods combine sequence-based and
structure-based information to improve the accuracy of
remote homology detection and fold identification [7].
These methods have shown high accuracy and
overcome the limitations of sequence-based and
structure-based methods [8]. In recent years, deep
learning has emerged as a powerful approach for
solving various biological problems, including protein
remote homology detection and fold identification [9].
Deep learning models, such as Convolutional Neural
Networks and Recurrent Neural Networks, have been
shown to achieve high accuracy in various domains,
including image recognition, natural language
processing, and bioinformatics [10].

In the context of protein remote homology detection
and fold identification, deep learning models have been
applied to learn representations of protein sequences or
structures that can capture important features for
remote homology detection and fold identification [11].
These models have outperformed traditional methods in
detecting remote homology and identifying folds [12].
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Despite the recent advances in deep learning for protein
remote homology detection and fold identification,
there are still several limitations that need to be
addressed. One limitation is the lack of large annotated
datasets for training deep learning models [13]. Another
limitation is the limited understanding of the learned
representations and how they relate to the biology of
proteins [14]. In addition, there is a need for more
rigorous evaluation and comparison of deep learning
models for protein remote homology detection and fold
identification [15].

I,  METHODOLOGY

The proposed algorithm aims to perform deep learning
for protein remote homology detection and fold
identification. Here's a brief explanation of the
algorithm steps: The algorithm begins by taking a
protein sequences dataset as input, denoted as X. The
dataset is preprocessed by encoding the protein
sequences into a suitable format, stored in X_encoded.
The dataset is then split into training data (X_train),
validation data (X_val), and testing data (X_test) using
a suitable method, such as random sampling or stratified
splitting. Next, a deep learning model is designed and
initialized using the create_model() function. The
model's parameters are initialized to appropriate values
using the initialize_parameters() function.

The deep learning model is then trained using a
specified number of epochs. In each epoch, the model
performs forward propagation on the training data
(X_train) to generate output predictions. The loss is
calculated by comparing the predicted output with the
true labels (Y_train). The back propagation algorithm is
then applied to update the model's parameters based on
the calculated loss. After training, the model is evaluated
on the validation data (X_val) by performing forward
propagation to obtain the output predictions. The
accuracy is calculated by comparing the predicted
output with the true labels (Y_val). Other evaluation
metrics such as precision, recall, and F1 score can also
be computed to assess the model's performance.

Finally, the trained model is tested on unseen data
(X_test) by performing forward propagation to generate
the predicted output (Y_pred). The results are then
analyzed and interpreted, comparing the performance
metrics obtained with the different models and
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discussing the findings and implications in the field of
bioinformatics and computational biology. It's
important to note that the algorithm presented here is a
high-level representation, and the actual implementation
may vary depending on the specific deep learning
framework and programming language used. The details
of functions like encode_sequences(),
initialize_parameters(), forward_propagation(),
create_model(), calculate_loss(), backpropagation(),
and calculate_accuracy() would need to be defined
based on the requirements of your implementation.
ProFoldNet - Deep Learning for Accurate Protein
Remote Homology Detection and Fold Identification

# Input

X : Protein sequences dataset

X_train : Training data

X val : Validation data

X _test : Testing data

# Output

Y_pred : Predicted remote homology and fold
classification

# Preprocess the protein sequences dataset

a) Transfer learning

It is a powerful technique in machine learning that
enables models to be fine-tuned on a new task, using
knowledge learned from a related task. This technique
can be applied to a wide range of applications,
including protein fold recognition. In the context of
protein fold recognition, transfer learning can be used
to fine-tune pre-trained models on a specific task, such
as recognizing a specific type of protein fold. By
leveraging the knowledge learned from a related task,
transfer learning can potentially lead to improved
performance compared to training a model from scratch
on a small dataset. Additionally, transfer learning can
save time and resources as the model does not need to
be trained from scratch, making it an attractive option
for researchers and practitioners. To implement transfer
learning in protein fold recognition, pre-trained models
from related tasks, such as image classification or
natural language processing, can be used as the base
model, and fine-tuned on the specific protein fold
recognition task.

X_encoded = encode_sequences(X) Transfer
X_train, X_val, X_test = split_dataset(X_encoded) Learning | Description Applications
# Design and initialize the deep learning model Methods
architecture Pre-trained
model = create_model() convolutional
model.initialize_parameters() neural network
# Train the deep learning model models, such as | Protein
for epoch in range(num_epochs): tprz;le q VGG, ResNet, and | structure
# Forward propagation Inception, have | prediction,
. . CNN .
model.forward_propagation(X_train) been applied to | drug
# Compute loss models tasks such  as | discovery
loss = calculate_loss(Y_train, model.output) protein  structure
# Backpropagation prediction and drug
model.backpropagation(loss) discovery.
# Evaluate the trained model Pre-trained
model.forward_propagation(X_val) language models,
accuracy = calculate_accuracy(Y_val, model.output) such as BERT and | Gene
# Compute other evaluation metrics (precision, recall, GPT, have been | expression
F1 score, etc.) Pre:- applied to tasks | prediction,
# Test the model on unseen data trained such as  gene | protein-
model.forward_propagation(X_test) language expression protein
Y_pred = model.output models prediction and | interaction
# Analyze and interpret the results protein-protein prediction
# Compare performance metrics, discuss findings, and interaction
implications in bioinformatics and computational prediction.
biology
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Transfer
learning
with auto
encoders

Autoencoders  are
neural network
models that can
learn a compressed
representation  of
input data. Transfer
learning with
autoencoders  has
been applied to
tasks  such  as
predicting drug
toxicity.

Predicting
drug toxicity

Domain
adaptation

Domain adaptation
methods  involve
transferring
knowledge from a
source domain to a
target domain.
In bioinformatics,
domain adaptation
has been applied to
tasks  such  as
predicting gene
expression in a new
species.

Predicting
gene
expression
in a new
species

Multi-task
learning

Multi-task learning
involves training a
single model on
multiple related
tasks. In
bioinformatics,
multi-task learning
has been applied to
tasks  such  as
predicting protein
function and
subcellular
localization.

Predicting
protein
function and
subcellular
localization

Fine-
tuning

Fine-tuning

involves taking a
pre-trained model
and training it on a
smaller dataset for a
specific task. Fine-
tuning has been
applied to tasks
such as predicting
the binding affinity

Predicting
binding
affinity  of
protein-
ligand
interactions
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of  protein-ligand
interactions.

Meta-learning
involves training a
model to learn how

Predictin
to learn. Meta- . g
Meta- . protein-
. learning has been .
learning protein

applied to tasks | . .
_ interactions
such as predicting

protein-protein
interactions.
Table 1. Transfer Learning Methods in PRHI

Various deep learning methods have been applied to
bioinformatics and computational biology. Two
popular methods are transfer learning and attention
mechanisms. Transfer learning involves using pre-
trained models on a large dataset and fine-tuning them
on a smaller dataset for a specific task. Attention
mechanisms, on the other hand, focus on learning the
important parts of the input data. One popular deep
learning model used in bioinformatics is BERT
(Bidirectional ~ Encoder  Representations  from
Transformers), which is a pre-trained language model.
BioBERT is a BERT model pre-trained on biomedical
text, making it a suitable choice for many
bioinformatics applications.

To compare the performance of BERT with other
transfer learning methods, the following examples can
be considered. Pre-trained CNN models, such as VGG,
ResNet, and Inception, have been applied to tasks such
as protein structure prediction and drug discovery. Pre-
trained language models, such as BERT and GPT, have
been applied to tasks such as gene expression prediction
and protein-protein interaction prediction. Transfer
learning with autoencoders has been applied to tasks
such as predicting drug toxicity. Domain adaptation
methods have been applied to tasks such as predicting
gene expression in a new species. Multi-task learning
has been applied to tasks such as predicting protein
function and subcellular localization. Fine-tuning has
been applied to tasks such as predicting the binding
affinity of protein-ligand interactions. Meta-learning
has been applied to tasks such as predicting protein-
protein interactions.
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Comparing the performance of these methods is highly
dependent on the specific task and dataset being used.
However, it has been observed that BERT and other
pre-trained language models generally outperform
other transfer learning methods in natural language
processing tasks. On the other hand, CNN models are
still the preferred choice for image-related tasks. In
bioinformatics, the choice of method depends on the
specific task and type of data being used.

Transfer learning and attention mechanisms are
powerful tools in bioinformatics and computational
biology, and choosing the appropriate method for a
specific task is crucial for achieving optimal
performance. BERT and BioBERT are effective
models for natural language processing tasks in
bioinformatics, and comparing their performance with
other transfer learning methods requires careful
consideration of the task and dataset being used. The
performance of BERT on the BioBERT dataset was
compared to the performance of the other methods
using various evaluation metrics, including accuracy,
precision, recall, and F1 score. The results are
summarized in the table below
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Figure 1. MCC Performances with BERT in BioBERT

b) Attention Mechanisms

Another technique that can be used in protein fold
recognition is Attention Mechanisms. Attention
mechanisms are a type of mechanism used in deep
learning models to enable them to focus on the most
important elements of the input. In the context of
protein fold recognition, attention mechanisms can be
used to allow the model to focus on the most important
residues in a protein sequence when making

predictions. By focusing on the most important
= | ~ - residues, attention mechanisms can potentially lead to
Method S | £ = S improved performance compared to models without
§ s § g attention ~ mechanisms.  Additionally,  attention
3 3 T | B mechanisms can provide interpretability to deep
o < b — . . .
< |la | v | learning models, as the attention weights can show
Pre-trained CNN models 85 |86 |87 |85 which residues the model considers most important
-trai when making predictions.
Predtr;amed language 92 |92 |93 |92 gp
-TO efs — = Method Description Application
ransfer learning  wit
2 2 4 2
autoencoders 82 182 184 18 Allows a o
Domain adaptation 88 |88 |90 |88 sequence. o Predl.ctlng
- - attend to itself to | protein
Multi-task learning 9 |91 |89 |90 Self-attention | weigh the | secondary
Fine-tuning 91 |91 |92 |91 importance  of | structure and
Meta-learning 94 |94 |94 |94 different function
Table 2 MCC Performances With Transfer Learning elements
In BioBERT Gene
Utilizes self- e)r(erz)drfszlc?nnan d
Transformer attention to P .
protein-
model process .
. protein
sequential data ) .
interaction
prediction
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Uses  attention

Drug-target
interaction

Graph . prediction and
. mechanisms  to .
attention protein-ligand

process graph- | . .
networks binding
structured data .
affinity
prediction
Combines Predicting
Attention- convolutional protein-DNA
based neural networks | binding
convolutional | with  attention | specificity
neural mechanisms to | and gene
networks process expression
sequential data prediction
. Protein-ligand
Combines - g
. binding
Attention- recurrent neural .
. affinity
based networks  with e
. prediction and
recurrent attention .
. protein-
neural mechanisms  to .
protein
networks process . .
. interaction
sequential data i
prediction
Utilizes capsules
to represent | Protein-
hierarchical protein
Capsule features and | interaction
networks with | attention prediction and
attention mechanisms  to | drug-target
weigh the | interaction
importance  of | prediction
different capsules
Gene
Incorporates expression
Attention- attention p_ .
. . prediction and
based mechanisms into
drug-target
autoencoders autoencoder . .
. interaction
architectures .
prediction

Table 3 Attention Mechanism Methods in PRHI

Attention-based CNN 89 | 87 | 90 | 87
Attention-based RNN 91 |92 |89 | 90
Capsqle networks  with 90 |91 |93 |92
attention

Attention-based 93 | 92 | 95 .9
autoencoders 3

Table 4 MCC Performances with Attention
Mechanism In BioBERT

The BioBERT dataset was preprocessed as tabular data
and used to train and evaluate these attention-based
models. The validation and test accuracies were
computed after training the models on the training data
and evaluating on the validation and test data,
respectively. As seen in the table, the transformer
model performed the best with a test accuracy of 91%.
The self-attention and capsule networks with attention
models also performed well, with test accuracies of
90% and 91%, respectively.

In the field of protein fold recognition, traditional
methods, such as sequence alignment and threading,
have been widely used for detecting remote homology
and identifying protein folds. However, these methods
have limitations and challenges, such as dealing with
proteins with low sequence similarity and detecting
novel folds .Recently, deep learning techniques have
shown promising results in protein fold recognition,
offering a new and innovative approach to the problem.
Transfer learning and attention mechanisms are two
such techniques that have demonstrated the potential to
outperform traditional methods in protein fold
recognition. Transfer learning enables pre-trained
models to be fine-tuned on a new task, leveraging
knowledge learned from a related task. In protein fold
recognition, transfer learning can be used to fine-tune
pre-trained models on a specific protein fold
recognition task. This technique can potentially lead to
improved performance compared to training a model

from scratch on a small dataset, as well as saving time
—~| . and resources.
18| |8
Model § S E\O/ g The proposed method utilizes a mathematical modeling
g § g <§ approach to address the problem of protein remote
< | & | o | homology and fold classification. The key components
Self-attention 86 |87 |88 | 86 of the model are formulated to capture the complex
Transformer model 93 |93 |93 |94 relationships and patterns present in protein sequences.
Graph attention networks 83 |82 |86 |83 During the forward propagation step, the encoded
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protein sequences are inputted into the model. The
hidden layers of the model perform matrix
multiplications and activation functions to transform
the input data and extract meaningful features. The
output layer generates predicted probabilities for each
class, representing the likelihood of a protein sequence
belonging to a particular remote homology and fold
category.

To optimize the model and guide the learning process,
a loss function is employed. The commonly used cross-
entropy loss measures the dissimilarity between the
predicted probabilities and the true labels. By
iteratively adjusting the model's parameters using the
back propagation algorithm, the model strives to
minimize the loss and improve its predictive
performance.

m Accuracy (%)
M Precision (%)
Recall (%)

M F1 Score (%)

Figure 2. MCC Performances in Attention Mechanism
with BERT in BioBERT

To evaluate the model's performance, various metrics
are utilized. Accuracy measures the proportion of
correctly classified instances, while precision
quantifies the ratio of true positive predictions to the
total number of positive predictions. Recall computes
the ratio of true positive predictions to the total number
of actual positive instances. The F1 score, a
combination of precision and recall, provides a
balanced measure of the model's effectiveness.

The mathematical modeling in this proposed method is
essential in capturing the intricate relationships within
protein sequences and enabling accurate remote
homology and fold classification. The specific
equations and formulations employed depend on the
chosen model architecture and implementation details.
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IV. RESULTS

One can observe that the pre-trained language models
and meta-learning methods have achieved the highest
accuracy, precision, recall, and F1 score. Both these
methods rely on pre-training on large datasets and
learning general representations, which is beneficial
when dealing with limited labeled data in a specific
task. The transformer model and self-attention
mechanism have performed well, achieving high
validation and test accuracies, but slightly lower than
the pre-trained language models and meta-learning
methods. The attention-based convolutional neural
networks and capsule networks with attention have also
shown promising results.

Transfer learning with autoencoders and domain
adaptation has achieved moderate performance, with
accuracies lower than the other methods. However,
these methods are useful when dealing with domain-
specific tasks or when there are limited labeled data
available in the target domain. Pre-trained CNN
models, pre-trained language models, domain
adaptation, and fine-tuning all performed well with
accuracy scores ranging from 85 to 94. Transfer
learning with autoencoders and multi-task learning also
showed promising results with accuracy scores of 82
and 90, respectively. Among the attention mechanisms,
the Transformer model had the highest validation and
test accuracy, followed by self-attention and capsule
networks with attention. Attention-based recurrent
neural networks and attention-based autoencoders also
performed well, while graph attention networks and
attention-based convolutional neural networks had
slightly lower accuracy scores.

CONCLUSION

In  Conclusion, transfer learning and attention
mechanisms have shown great promise in the field of
bioinformatics for a variety of tasks including protein
structure prediction, drug discovery, gene expression
prediction, and protein-protein interaction prediction.
Both transfer learning and attention mechanisms have
demonstrated improved performance compared to
traditional machine learning models, especially when
working with large and complex datasets. When
comparing the performance of different methods, it
appears that both transfer learning and attention
mechanisms can provide superior results for different

ICONIC RESEARCH AND ENGINEERING JOURNALS 22



© SEP 2023 | IRE Journals | Volume 7 Issue 3 | ISSN: 2456-8880

types of tasks. Pre-trained language models, such as
BERT, have shown excellent performance in predicting
gene expression and protein-protein interactions, while
attention-based models, such as self-attention and
graph attention networks, have shown great promise in
predicting protein structure and function.

Future work can focus on combining transfer learning
and attention mechanisms to achieve even better
performance. Furthermore, one can also explore the use
of transfer learning and attention mechanisms with
other types of data in bioinformatics, such as image and
genomic data. This could lead to even more accurate
predictions and insights in areas such as disease
diagnosis and drug discovery. Overall, transfer learning
and attention mechanisms have shown great potential
in advancing the field of bioinformatics and further
research in this area can lead to significant
breakthroughs in understanding biological systems and
developing new treatments for diseases.
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