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Predicting the function of proteins is a cru-
cial part of genome annotation, which can help
in solving a wide range of biological problems.
Many methods are available to predict the func-
tions of proteins. However, except for sequence,
most features are difficult to obtain or are not
available for many proteins, which limits their
scope. In addition, the performance of sequence-
based feature prediction methods is often lower
than that of methods that involve multiple fea-
tures, and protein feature prediction can be
time-consuming. Recent advances in this field
are associated with the development of machine
learning, which shows great progress in solv-
ing the problem of predicting protein functions.
Today, however, most protein sequences have the
status of <uncharacterized» or <putative».

The need to assess the accuracy of identi-
fication of protein functions is an urgent task
Jor machine learning approaches used to pre-
dict protein functions. In this study, the perfor-
mance of two popular function prediction algo-
rithms (ProtCNN and BiLSTM) was assessed
Jfrom two perspectives and the procedures for
building these models were described.

As a result of the study of Pfam families,
ProtCNN achieves an accuracy rate of 0.988 %
and bidirectional LSTM has an accuracy rate
0f 0.9506 %. The use of the Pfam dataset allowed
increasing the classification accuracy due to the
large training dataset. The quality of the pre-
diction increases with a large amount of train-
ing data.

The study demonstrated that machine learn-
ing algorithms can be used as an effective tool for
building protein function prediction models, in
particular, the CNN network can be adapted as
an accurate tool for annotating protein functions
in the presence of large datasets
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1. Introduction

Proteins are long chains of amino acids that are formed
from information received from DNA and then folded into
three-dimensional shapes. The forms that protein molecules
take are determined by the information embedded in DNA,
and what form the DNA molecule itself folds into depends on
the composition of the amino acids in the chain. In turn, the
form in biology determines the function.

While techniques such as microarray analysis, RNA inter-
ference, and the yeast two-hybrid system can be used to ex-
perimentally demonstrate the function of a protein, advances
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in sequencing technologies have made the rate at which pro-
teins can be experimentally characterized much slower than
the rate at which new sequences become available [1]. Thus,
annotation of new sequences is mostly done by computation-
al prediction, as these types of annotations can often be done
quickly and on many genes or proteins at the same time. The
first such methods assumed function based on homologous
proteins with known functions (homology-based function
prediction). The development of context-based and struc-
ture-based methods has expanded the amount of information
that can be predicted, and a combination of methods can now
be used to derive a picture of complete cellular pathways




from sequence data [1]. The importance and prevalence of
computer-aided prediction of gene function are highlighted
by the analysis of the «evidence codes» used by the Gene
Ontology (GO) database: 98 % of annotations were listed
under an TEA code (derived from an electronic abstract),
while only <0.1 % of the more than 179 million proteins in
UniProt were based on experimental data [2].

A rapidly growing area of research is the application of
machine learning to protein classification. Neural networks
are the most widely used machine learning tools applied to
solve classification problems. Protein function prediction
also can be viewed as a classification problem.

Protein function prediction is a multi-label classification
problem where we have a set of functions F=(Fj, ..., Fy).
Given a protein set, P=(Py, ..., P,), where the first [ proteins
are labeled as yi,...y;, each y; is a vector with y;=1 in case
the protein P; is associated with the j-th function F;, other-
wise y;;=0. The goal is to predict the labels y.+1,...., for the
remaining unlabelled proteins Py, ..., Py.

Various approaches can be taken to solve classification
problems with multiple labels, but the simplest method is to
treat each GO term as an independent classification problem.
The most suitable option for solving this problem is machine
learning models with a better ratio of classification quality
and calculation time. The huge advantage of machine learn-
ing is that model’s performance and accuracy have a stable
growth with a large amount of training data. Considering the
rapid increase in the number of protein sequences in open da-
tabases, this circumstance makes the use of machine learning
to solve the problem of protein function prediction a relevant
problem for research.

A huge number of neural networks have been developed
to solve object classification problems. This opens great op-
portunities for their use for the problem of protein function
prediction, which is considered as a classification problem.
However, based on statistics demonstrating that the majority
of protein sequences in databases have not yet received the
status of characterized, it can be argued that the capabilities
of neural networks are not well studied in terms of the func-
tional annotation of proteins. This leads to the expediency
of studying these neural networks and testing them multiple
times on different datasets, which will help determine their
strengths and weaknesses for solving the above problem.
Therefore, studies that are devoted to investigating machine
learning models and assessing their accuracy to solve the prob-
lem of predicting protein functions are of scientific relevance.

2. Literature review and problem statement

Understanding protein function is important for the
study of biological mechanisms of disease development and
drug discovery. Many databases are updated daily to provide
functional annotations from different perspectives such as:
protein-protein interaction, biological network and many
specific functional classes. However, the total number of
detected protein sequences significantly exceeds the number
of proteins characterized with a known function. In order to
narrow the gap between the number of characterized and un-
characterized protein sequences, thousands of high-through-
put genomic projects are being explored, but only 1 % of the
sequences found have been confirmed by experimental anno-
tation [3]. This created a great need for the development of
theoretical methods for annotating protein functions. A wide

range of methods have been developed and extensively used
to discover protein functions. These include clustering of
sequences, gene fusion, sequence similarity, evolution study,
structural comparison, protein-protein interaction, function-
al classification via the sequence-derived and domain feature,
omics profiling and integrated methods, which collectively
consider multiple methods and data to promote the perfor-
mance of function prediction [4]. Except for methods using
sequence similarities, the disadvantage of these methods is
that they use the features of proteins that are difficult to
obtain or are not available at all for many proteins, which
greatly limits the scope of such methods.

Among the numerous methods, BLAST [5] has gained
the most popularity, demonstrating great potential for re-
vealing protein functions. This is a program widely used in
bioinformatics to search for homologs for a given protein
sequence in various databases. The program receives a se-
quence in the FastA format as input, selects the database to
be searched for, and the search algorithm. BLAST prediction
is based on protein sequence similarity, while machine learn-
ing prediction is also based on sequences but without taking
into account their similarity. This unique characteristic of
machine learning makes it a good complement to BLAST and
many other approaches to predict the functions of distantly
relevant proteins and homologous proteins with different
functions. However, BLAST has disadvantages such as slow
execution and a relatively low level of data sensitivity.

In recent years, machine learning algorithms have been
gaining popularity, and various online software tools based
on machine learning have been developed as predictors
without considering similarities in sequence or structure,
including methods incorporating various lines of evidence
as features for training classifiers and predicting GO terms.

Support Vector Machine (SVM) classifiers have been
widely used in a large number of studies in the field of bio-
informatics including areas of study of the structure and
functions of proteins [6]. The main common disadvantage
of SVM-based applications is the long training time for
large datasets, moreover, it is difficult to understand and
interpret the final model. For instance, FFPred [7] has been
trained and tested on human annotated proteins in its first
implementation, however, further showed generalization
to other organisms (zebrafish, mouse, fly, worm and yeast).
The new version of this tool, FFPred3, which is still based
on SVM, has been extended to explore correlations between
trait features extracted from sequences and structures within
a vocabulary of 400 biological process terms (BP), 108 in
the molecular function (MF) domain, and 89 in the cellular
component (CC) domain [8]. The main disadvantage of [8]
is that the performance of this tool has not been investigated
when working with large datasets. Another example, a clas-
sifier called PoGO (Prediction of Gene Ontology terms)
uses not only terms as characteristics, but also combines
three sources (sequence similarity, biochemical properties,
and protein tertiary structure) [9]. As in the previous study,
there was no analysis of the effectiveness of the algorithm on
a large dataset.

The k-nearest neighbors (k-NN) algorithm [10—12] has
also found wide application in functional annotation systems.
The disadvantage is that this algorithm shows low effi-
ciency when working with large datasets, as well as with
high-dimensional data. PANNZER2 [10] is a good annota-
tion tool, which demonstrates high processing speed, but
does not surpass similar classification tools in accuracy.



DeepText2GO [11] integrates the text-based method with
the sequence-based method, which improves its accuracy
but requires more training data. The work [12] does not
demonstrate a new idea in this field, however, NetGO shows
high results and outperforms most of the tools using similar
algorithms. The main disadvantage of NetGO is high compu-
tational complexity.

Convolutional Neural Network (CNN) was originally
developed to process 2D images, however, today it is success-
fully used for processing genomic sequences. A CNN consists
of different types of layers: convolutional layers, subsam-
pling layers and layers of a «<normal» neural network — the
perceptron. It should be noted that the models described
in [13—17] were compared only with models built based on
similar neural networks, or with classical tools like BLAST.
Comparative analysis of different architectures is still rele-
vant for machine learning models. In particular, in [13], poor
performance of DeepGO demonstrates the weakness of deep
learning based methods that only work with a small number
of GO terms. SDN2GO [14], DeepAdd [15], DeepGOA [16]
and TailGnn’s [17] also show good but not outstanding re-
sults in annotating protein functions. Comparative analysis
of these tools does not allow highlighting one tool as supe-
rior to others. They have a common disadvantage, which is
computational complexity, moreover, to predict functions
more accurately each of these tools requires a combination of
different protein inputs, which is often not possible.

Recurrent neural networks (RNNs) are a type of neural
networks specialized in sequence processing. Their feature is
the transmission of signals from the output or hidden layer
of the neural network to the input layer [18]. Like any other
neural network, a recurrent neural network can consist of any
number of layers. A neural network with a long short-term
memory (LSTM network) is one of the varieties of recurrent
neural networks [19]. The key component of an LSTM net-
work is the so-called cell state. The state of the cell is involved
in several linear transformations. The state of the cell is re-
sponsible for the learning process, error backpropagation, and
updating the weights. Although LSTM networks work well
for some problems, there is a list of disadvantages: LSTMs
take a lot of time and memory to train, they are easy to overfit
and sensitive to different random weight initializations.

The success of machine learning methods is also due to
the fact that the amount of accumulated data allows training
the developed models with sufficient accuracy.

However, most protein sequences are still labeled as «pu-
tative», «uncharacterized», «<unknown function», or <hypo-
thetical>. Moreover, the identification accuracy of these ap-
proaches still needs further optimization and study [20, 21].
Thus, the need to assess the accuracy of protein function
identification is still an urgent task for machine learning
approaches used to predict protein functions.

3. The aim and objectives of the study

The aim of this work is to identify the most appropriate
machine learning model and evaluate the performance (in
terms of accuracy) of two popular machine learning algo-
rithms (bidirectional LSTM and CNN) commonly used for
protein function prediction. This will make it possible to
apply and improve a suitable machine learning model with
high accuracy on large amounts of data, which will allow
increasing the number of characterized proteins.

To achieve this aim, the following objectives are accom-
plished:

— to implement two machine learning models and train
them using a random partition of the public Pfam dataset,
which consists of three sets of data: train — 80 % (model train-
ing), val — 10 % (model validation) and test — 10 % (model
performance evaluation);

— to evaluate the performance of the models using two
metrics: accuracy and multi-class loss log.

4. Materials and methods

4. 1. Dataset description

To compare different models with protein domain misalign-
ment annotation, the public database Pfam was used as the
main data source. Pfam is a database of protein domain families.
Each family in it is represented by a multiple alignment of pro-
tein sequence fragments and a hidden Markov model (HMM).
77.2 % of ~137M sequences in UniprotKB have at least one
Pfam family annotation [22]. As of November 2021, Pfam
contained 19 632 entries (families) united into 657 clans [23].

This database contains five features:

— sequence: The amino acid sequence for the given domain.
This sequence represents a domain, not a full protein;

— family accession: Accession number;

—sequence_name: The name of the sequence;

— aligned_sequence: Contains one sequence from a multiple
sequence alignment;

— family_id: One-word family name.

Table 1 shows some examples of data used.

Table 1
Examples of data
No.| Field name Data
sequence: VLERKISTRQTREELIKKGVLIPD

family accession |PF02755.15

1 [sequence_name |[I3TWL9_ORENI/33-56
aligned_sequence | VLERKISTRQTREELIKKGVLIPD
RPEL

sequence NPCTIDSCGPKGCVHIAMSCDDN
family_accession |PF00526.18

2 |sequence name |FOZFD3 DICPU/581-603
aligned_sequence NPCTIDSC.GPK...G.CVHIAM.SCDDN
Dicty_CTDC

sequence: KLNSLGGLVALNLGSIDNASASGTLV
family_accession |PF07581.12

3 |sequence name: |Q7WYX3 PSEAI/240-265
aligned_sequence| KLNSLGGIVALNL......... GSIDNASASG.TLV
Glug

family_id

family id

family_id

We used the same dataset as [24]. The benchmark in-
cludes a random split of 17,929 Pfam families into a test train,
where 80 % of the sequences are used for training, 10 % for
model tuning, and 10 % as test sequences. Fig. 1 illustrates
the total number of sequences in the dataset.

Thus, to build and train the model, three datasets were
used: train dataset, val dataset, and fest dataset, consisting
of 1,086,741 sequences, 126,171 sequences, and 126,171 se-
quences, respectively.



# Given data size

print ('Train size: ', len(df train))
print ('Val size: ', len(df val))
print ('Test size: ', len(df test))

Train size: 1086741
Val size: 126171
Test size: 126171

Fig. 1. The total number of sequences in each dataset

4. 2. Protein sequence coding

To code the protein sequences, we represented letter
codes of amino acid sequences by the corresponding integer
values in ascending order, which are further used for inte-
ger coding. We used the one-hot encoding method to code
the protein sequences. This type of encoding
creates a new binary feature for each possible
category and assigns a value of 1 to the feature
of each sample that corresponds to its original
category.

4. 3. Machine learning models
A common outline of machine learning
solutions, the details of which may vary de-

input, forget and output gates. The following formulae (2) are
used to calculate the predicted values [26]:

input gate(i,)=o, (WX, +Rh,_ +b,),
forget gate(f,)=o, (W/XL +Rh,  + b_/),
cell candidate(c,)=o,(W.X, +Rh,_ +b,),

¢ -1

output gate(o,)=o, (W, X, +Rh,_ +D,), 2)
where o is the gate activation function and W, W, W,, and
W, are input weight matrices, while R;, Ry, R, and R, are the
weight matrices connecting the previous cell output state to
the three gates and the input cell state. X; is the input, and
h¢_y is the output at the previous time (¢—1). b;, by, b, and b,
are bias vectors.

Query sequence

A

Sequence-based features

pending on the method, is shown in Fig. 2 [25].

y

ProtCNN uses residual blocks inspired by
the ResNet architecture, which also includes
extended convolutions to provide a larger re-
ceptive field without increasing the number of
model parameters. As an input signal, the one-
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the general case, the formation of the output
feature map of the hidden layer / of the CNN
architecture can be described as follows:

o= (X xR+ b,

where f is the activation function; b; is the shift
coefficient for the feature map; &; is the convolu-
tion kernel number j; ¥/ — map of features of
the previous layer; * — convolution operation.
Fig. 3 shows the architecture of the CNN model.

BiLSTM is one of the types of recurrent
neural networks, which processes sequence data
in both forward and backward directions with
two separate hidden layers. BILSTM is based on

(1)
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Fig. 2. General algorithm for machine learning solutions
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At each time iteration z, the cell output state, C,, and the
layer output, A, can be calculated as follows [27]:

C=f*Coiti*C, 3)
h, =0, *tanh(C,). (4)
The architecture of the bidirectional LSTM model is

presented in Fig. 4.

Output
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Input
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9000
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Fig. 4. BiLSTM architecture

Using bidirectional LSTM runs inputs in two ways,
allowing to preserve contextual information from past and
future at any point of time.

4. 4. Assessing the identification accuracies of the
studied models

To evaluate the performance of the different models for
predicting protein properties, we used metrics of the classifi-
cation accuracy, defined respectively by (5):

TP+TN

Accuracy=——————,
Y= TP+TIN+FP+ N

)

where TP, TN, FP, and FN represent true positive, true nega-
tive, false positive, and false negative.

In testing, accuracy reflects the classification accuracy
of the learned classifier on the testing dataset, which has no
overlap with the training dataset. It is generally accepted

o X input = Input (shape=(100,))
emb = Embedding (21,
bi rnn = Bidirectional (CuDNNLSTM (64,

that the test accuracy serves as a good indicator of prediction
performance [28].

The models were implemented in Python using the
Num.py, TensorFlow and Keras libraries and run on the
Colab cloud platform.

3. Results of studying machine learning models
for protein function prediction

5. 1. Implementation of BILSTM and ProtCNN neural
networks

During the implementation of the models, the following
were used:

— Adam algorithm as an optimization algorithm [29];

— Accuracy indicator as an objective function;

— Binary-crossentropy function returning the classifica-
tion error as a logistic loss function Loss:

N

1 _ _ _
Loss:—NZyi*log(yi)+(1—yi)*log(1—y‘.), (6)

i=1

where y; is the true class label; y, is the classifier’s re-
sponse (calculated class label) to the i-th object; N is the
number of classes. Fig. 5, 6 show a part of the code of BILSTM
and ProtCNN, respectively.

The model architecture consists of an embedding layer
for learning the vector representation for each code followed
by BiLSTM. Dropout is added for regularization to prevent
model overfitting. The output layer gives probability values
for all the unique classes, and based on the biggest predicted
probability, the model will classify amino acid sequences to
one of its protein family accession.

The ProtCNN architecture starts with an initial convo-
lution operation applied to the input data with a kernel size
of 1 to extract the main properties. Two residual blocks are
used to capture complex patterns in the data, which help to
train with more epochs and better model performance. After
two residual blocks, max pooling is applied to reduce the
spatial size of the representation. Dropout is added for regu-
larization to prevent model overfitting.

3. 2. Evaluation of the performance of the models using
two metrics: accuracy and multi-class loss log

Table 2 shows the results of testing the BILSTM network
obtained during the first 10 training epochs.

Fig. 7 shows graphical representations of the training
results of the LSTM network model for 25 epochs in terms of
Accuracy and Loss, respectively.

128, input_ length-max_ length) (x_input)

kernel regularizer=12(0.01),

recurrent regularizer=12(0.01), bias regularizer=12(0.01))) (emb)

x = Dropout (0.3) (bi rnn)

# softmax classifier

%_output = Den£§(;006, activation='softmax") (x)

modell = Model (inputs=x input, outputs=x output)

modell.compile (optimizer="'adam',

modell.summary ()

loss="'categorical crossentropy', metrics=['accuracy'l])

Fig. 5. A fragment of the program code for the BiLSTM network model implementation



° # model

X input =

Input (shape=(100, 21))
#initial conv

conv = ConvlD(128,
# per-residue representation

128, 2)
128, 3)

resl = residual block(conv,
res? = residual block(resl,
= MaxPoolinglD(3) (res2)
Dropout (0.5) (x)

w
I

+ softmax classifier

1, padding='same') (x input)

kernel regularizer=12(0.0001)) (x)

x = Flatten() ()
x_output = Dense (1000, activation='softmax',
modelZ = Model (inputs=x input, outputs=x output)

model2.compile (optimizer="adam',

model2. summary ()

loss="'categorical crossentropy', metrics=['accuracy'])

Fig. 6. A fragment of the program code for ProtCNN implementation

Table 2
Learning results of the BiLSTM network model

Table 3

Learning results of the ProtCNN model

Epoch Loss Accuracy Val_loss Val_accuracy Epoch Loss Accuracy Val_loss Val_accuracy
1 5.5302 0.1114 3.6586 0.3238 1 0.9027 0.9306 0.4603 0.9843
2 2.8557 0.4747 2.0003 0.6737 2 0.4362 0.9790 0.4435 0.9849
3 1.8840 0.6672 1.3561 0.7960 3 0.4296 0.9814 0.4326 0.9864
4 1.4464 0.7497 1.0806 0.8376 4 0.4216 0.9823 0.4394 0.9855
5 1.2164 0.7915 0.9047 0.8712 5 0.4131 0.9832 0.4263 0.9861
6 1.0732 0.8180 0.7718 0.8977 6 0.4051 0.9835 0.4281 0.9852
7 0.9671 0.8377 0.7293 0.9020 7 0.3967 0.9840 0.4088 0.9872
8 0.8970 0.8503 0.6265 0.9233 8 0.3907 0.9844 0.4124 0.9870
9 0.8420 0.8606 0.6085 0.9219 9 0.3865 0.9845 0.4034 0.9871
10 0.8020 0.8674 0.5973 0.9246 10 0.3787 0.9849 0.3954 0.9879
1.0- 09 o
5- A
0.8- 098 0.8-
4- 0.97- 07
06- 3 0.96- '
0.6-
0.4- J 0.95-
2 0.5-
0.94-
0.2- I- 04-
0.93- | | i . | | | | | |
6 5 10 15 20 25 0 5 10 15 20 25 T 2 4 6 8 10
_ Training acc _ Training acc i Tra}nm'g ace — Tra}nlng ach
— Validation acc — Validation acc ~ Validation acc ~ Validation ace
a b a b

Fig. 7. The results of the BiLSTM network
model training according to the Accuracy indicator:
a — accuracy value, b — loss function value

Table 3 illustrates the results of testing the ProtCNN

network obtained during the first 10 training epochs.

Fig. 8 shows graphical representations of the training

results of the ProtCNN model for 10 epochs in terms of
Accuracy and Loss, respectively.

Fig. 8. The results of ProtCNN model training
according to the Accuracy indicator: a — accuracy value,
b — loss function value

The statistical differences in the accuracy of the ProtCNN

and BiLSTM models are illustrated in Table 4.

The comparison of the accuracy of ProtCNN and BiLSTM

shows that a convolutional neural network predicts more accu-
rately than a bidirectional long short-term memory network.



Table 4
Statistical differences in the accuracy
of ProtCNN and BiLSTM
Train Val Test
No. Model Accuracy | Accuracy | Accuracy
1 | Bidirectional LSTM 0.9571 0.9511 0.9506
2 ProtCNN 0.9967 0.9877 0.9880

6. Discussion of the results of the comparative
analysis of two machine learning models

In this paper, we compare the performance of ProtCNN
and the bidirectional LSTM network in the Pfam domain an-
notation task. Table 2 and Table 3 illustrate training results
at each epoch and show the increase of accuracy after each
step, which allows us to talk about good predictive results of
both models. For the machine learning methods and model
architectures used herein, the ProtCNN model has been
found to generally outperform bidirectional LSTM across
different protein types. These results represent a significant
advance over previous deep learning efforts in terms of the
number of families and the number of training sequences per
family. Table 4 shows that on randomly split data, ProtCNN
achieves an accuracy rate of 0.988 % and bidirectional LSTM
has an accuracy rate of only 0.9506 %. The performance
difference is significant over a wide range of similarities
between the test sequences and the training set.

The obtained results are determined by two factors. The
first one is the volume of datasets on which the models were
trained. Given ~1.1 million training examples across 17,929
output families of a wide variety of sizes, the studied models
are highly accurate. Second, the use of extended convolu-
tions in ProtCNN helped the model learn more complex
features better than BiLSTM, as extensions allow for larger
receptive fields. Skipped connections helped the model
retain important spatial information from previous layers.

When choosing between ProtCNN and bidirectional
LSTM, there is a clear trade-off between speed and accuracy.
However, the ability of the approaches to improve the ac-

curacy of a single model without additional computational
overhead suggests that this trade-off is not necessary. Apply-
ing more sophisticated machine learning techniques can lead
to further performance improvements.

As a limitation, this work didn’t cover other popular met-
rics such as sensitivity (SE), specificity (SP) and Matthews
correlation coefficient (MCC).

In future work, we will experiment with more different
neural networks using four metrics for assessing the identi-
fication accuracies, as well as using the new version of the
Pfam database.

7. Conclusions

1. In this study, two machine learning algorithms (BiLSTM
and ProtCNN) were implemented and trained. The following
instruments were applied during model implementation: Adam
algorithm as an optimization algorithm, Accuracy indicator as
an objective function and Binary-crossentropy function return-
ing the classification error as a logistic loss function Loss. The
advantage of the selected tools is high efficiency with sufficient
ease of implementation, although the learning process can take
quite a long time. The prediction models were trained using
the training set and evaluated on the test set. Using the full
Pfam dataset allowed both models to be trained to a suffi-
ciently high level of accuracy without leading to overtraining.

2. The performance evaluation of the implemented mo-
dels demonstrated that the ProtCNN model was found to
outperform the bidirectional LSTM model for different types
of proteins. The best accuracy of ProtCNN is 0.9967 for the
train set, 0.9877 for the val set and 0.9880 for the test set,
while BiLSTM showed only 0.9571 for the train set, 0.9511
for the val set and 0.9506 for the test set.
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