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Abstract: Ion channels are integral membrane proteins that facilitate the movement of ions across cell 1
membranes, playing a key role in a range of biological processes. The high cost and time required =
for wet lab experiments to characterize ion channels has spurred the development of computational s
methods for this purpose. In our previous work, we demonstrated the effectiveness of protein 4
language models for ion channel prediction, using a logistic regression classifier to distinguish s
ion channels from non-ion channels (TooT-BERT-C) and transporters from non-transporters (TooT-
BERT-T). In this study, we build upon this approach by using a combination of classical machine 7
learning classifiers and a Convolutional Neural Network (CNN) with fine-tuned representations
from ProtBERT, ProtBERT-BFD, and MembraneBERT to discriminate ion channels from non-ion o
channels. The results of our experiments demonstrate that TooT-BERT-CNN-C, a combination of the 10
representations from ProtBERT-BFD and a CNN, outperforms existing state-of-the-art methods for 11
predicting ion channels, with a Matthews Correlation Coefficient (MCC) of 0.86 and an accuracy of 12
98.35% on an independent test set. 13

Keywords: Ion channels; Membrane proteins; Transmembrane proteins; Drug discovery; Protein 14
language models; Convolutional Neural Network 15

1. Introduction 16

Ion channels are integral membrane proteins that play a vital role in the movement 17
of ions across cell membranes, enabling cells to maintain their electrical properties and s
regulate their functions [1,2]. These proteins are involved in a range of biological processes, 1o
including muscle contraction, nerve impulse transmission, and cell signaling [3]. As such, =0
ion channels have garnered significant attention in the field of membrane protein research, 2
with extensive studies focused on their structure, function, and regulation [4,5]. In the realm =2
of drug discovery, ion channels represent promising targets for therapeutic intervention, as =3
their modulation can result in changes in cellular behavior [6,7]. However, the high cost 2
and time required for wet lab experiments to characterize ion channels has spurred the =5
development of computational methods for this purpose [8,9]. These methods can greatly 26
accelerate the drug discovery process by providing efficient and cost-effective predictions 27
of ion channel presence and function. 28

There has been a significant amount of research on predicting ion channel proteins 2
in the past, with an emphasis on developing computational methods that can accurately o
differentiate ion channels from non-ion channels [8-14]. These methods have often utilized s
traditional machine learning techniques, such as support vector machines (SVM) and =2
random forests (RF), which classify protein sequences based on features derived from their s
primary, secondary, and tertiary structures. These features can include information about  ss
the sequence itself, such as the presence of certain amino acid residues or motifs, as well s
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as structural features, such as secondary structure elements or solvent accessibility [9,15]. e
The use of these features for ion channel prediction is thoroughly explained in Menke et al.  s7
[9] and Ashrafuzzaman [8]. However, the emergence of deep learning has provided new  ss
opportunities for ion channel prediction, with recent studies demonstrating the potential 3o
of these techniques to generate rich representations of protein sequences and enhance the 40
performance of ion channel predictors [13,14]. These models are able to learn complex
patterns in protein sequences and use this information to improve prediction performance, a2
potentially overcoming limitations of traditional machine learning approaches. 43

Protein language models [16-20], which utilize deep learning techniques, have gained s
widespread interest among computational biologists due to their potential for accurately s
modeling biological phenomena. These models produce comprehensive representations s
of protein sequences that are useful for various applications in protein analysis, including 4~
predicting protein function, protein-protein interactions, and protein structure [16-22]. s
Unsal et al. [23] review the use of natural language models for protein representation from 4
2015 to the present. 50

Deep learning-based protein language models, can be pre-trained on large-scale pro- =
tein datasets and then fine-tuned for specific downstream tasks [23]. This approach, known s
as transfer learning [24], allows the models to leverage the knowledge they have acquired s
during pre-training to more effectively perform the targeted task. By pre-training the s
models on a diverse and representative dataset, they are able to learn generalized patterns s
in protein sequences that can be applied to a wide range of tasks [19]. Fine-tuning the se
models on a task-specific dataset then allows them to further adapt and optimize their -
performance for the particular task at hand. This approach has been demonstrated to be  ss
effective in a range of protein analysis applications, including predicting protein function  se
[25], protein-protein interactions [26], and protein structure [27,28]. 60

In the ProtTrans project [19], Elnaggar et al. evaluated six Transformer-based models &
on the tasks of secondary structure prediction, subcellular localization, and water solubil- e
ity. ProtBERT and ProtBERT-BFD, two BERT-based models pre-trained on the UniRef100 s
database (216 million protein sequences) [29] and the BFD database (2.1 billion protein se- s
quences) [30], respectively, were among the transformer-based models examined. ProtBERT s
and ProtBERT-BFD each consist of 30 layers of 16 attention head transformer encoders with s
a total of 420 million parameters, and are capable of generating 1024-dimensional vectors e
for each amino acid in a protein sequence. MembraneBERT [31] is a protein language model s
that was developed by fine-tuning ProtBERT-BFD on a dataset of membrane proteins from oo
the TooT-M project [32]. 70

In our previous work, we introduced TooT-BERT-T [33] and TooT-BERT-C [34], a =
method for discriminating transport proteins from non-transport proteins and ion channels 7
from non-ion channels, respectively, using a Logistic Regression (LR) classifier with fine- 7
tuned representations from ProtBERT-BFD. This approach outperformed state-of-the-art 7
transporter and ion channel predictors, highlighting the potential of using protein language 7
models for these tasks. 76

In this study, we further explore the use of protein language models for ion channel  7-
prediction by employing a combination of classical machine learning classifiers, including
SVM, RE k-Nearest Neighbors (kNN), Feed-Forward Neural Networks (FFNN), and LR as
well as a Convolutional Neural Network (CNN) to distinguish ion channels from non-ion =0
channels. We utilize representations from ProtBERT, ProtBERT-BFD, and MembraneBERT &
in our classifiers, to exploit the power of these models for this task. 82

In this study, we make the following contributions: 83

1.  Weinvestigate the use of fine-tuned representations from ProtBERT, ProtBERT-BFD, &
and MembraneBERT for ion channel prediction, and analyze their potential for this s
task. 86
2. We evaluate a range of traditional machine learning classifiers, including SVM, RF, &
kNN, FFNN, and LR as well as a CNN for ion channel prediction using these repre- =s
sentations. 30
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3. We design a new CNN architecture that is capable of fine-tuning the representations oo
from ProtBERT, ProtBERT-BFD, and MembraneBERT and effectively discriminating o
ion channels from non-ion channels. 02
4. We propose TooT-BERT-CNN-C, a method for ion channel prediction that utilizes s
fine-tuned representations from ProtBERT-BFD and a CNN to outperform all previous  os
approaches. o

The remainder of this paper is structured as follows: Section 2 outlines the datasets s
and methods employed in our experiments, including details on the protein language o~
models, traditional machine learning classifiers, and the proposed CNN architecture. Sec- o5
tion 3 presents the results of our experiments, including the performance of the various o
classifiers on the ion channel prediction task, and provides a discussion of the implications 1c0
of our findings and insights. Finally, Section 4 summarizes our contributions and suggests 101

directions for future work. 102
2. Materials and Methods 103
2.1. Dataset 104

In this study, we utilize the same dataset as previous works, specifically the Deeplon 105
and MFPS_CNN projects [13,14], which was compiled from the UniProt database [35]. To 106
ensure a diverse and representative sample, Taju and Ou [14] used the BLAST algorithm 107
[36] to eliminate protein sequences with more than 20% similarity, resulting in a dataset con-  10s
taining 4915 protein sequences. This dataset includes 301 ion channels, 351 ion transporters, 100
and 4263 membrane proteins, and was divided into training and test sets to evaluate the 110
generalizability of the model. However, ion transporters were not utilized in this study in 112
order to match the Deeplon [14] methodology. In this paper, non-ion channel proteins refer 112
to membrane proteins that do not function as ion channels. The distribution of sequences 11
within the dataset is shown in Table 1. 114

Table 1. DS-C, the ion channel dataset. This table displays the distribution of sequences in the dataset
used in this study, separated into the training and test sets.

Class Training Test Total
Ion channel 241 60 301
Non-ion channel 3,413 850 4,263
Total 3,654 910 4,564
2.2. Protein language models 115

Transfer learning is a technique that allows a model to use knowledge gained from one 116
task to improve its performance on a related, but different task [37]. This can be particularly 1.7
useful when there is a limited amount of labeled data available for the target task, as the 11
model can utilize the knowledge gained from the source task to enhance its performance. 119
The process of transfer learning consists of two steps: Pre-training and fine-tuning (see 120
Figure 1). 121

Pre-training involves training a model on a large, general-purpose dataset, allowing 122
the model to learn general patterns and representations that are applicable to a variety of 123
tasks [38]. Fine-tuning involves further training the pre-trained model on a specific task or 124
dataset, allowing the model to adapt to the characteristics of that task or dataset and often 125
resulting in improved performance [38]. 126

BERT [24], or Bidirectional Encoder Representations from Transformers, is a transformer- 127
based [39] language model that has achieved state-of-the-art performance on a variety of = 12s
natural language processing tasks. BERT is able to generate contextualized representations 120
of words in a sentence, taking into account the words that come before and after it [40]. This 130
is achieved through the use of self-attention mechanisms [39], which allow the model to 13
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Figure 1. BERT training stages. The BERT model training process is depicted in this figure, with
the pre-training phase involving the use of Masked Language Modeling (MLM) and Next Sentence
Prediction (NSP) objective to learn contextual representations of words from the PubMed Database.
The fine-tuning phase involves adapting the pre-trained BERT model to the binary classification task
of predicting whether a text from the NCBI Disease Database describes a disease or does not describe
a disease.

attend to different parts of the input sequence and weight their importance for generating a2
the final representation. 133

BERT (Figure 1) has a multi-layered architecture of self-attention and feed-forward 1as
networks in each layer and is trained using two pre-training tasks: Masked Language 1ss
Modeling (MLM) and Next Sentence Prediction (NSP). In the MLM task, a percentage of the 136
tokens in the input are randomly masked and the model is required to predict the original = 1s7
value of the masked tokens based on the context provided by the remaining tokens. The 1ss
NSP task involves predicting whether a given sentence is the next sentence in a sequence or  1se
arandomly chosen sentence from the dataset. By performing these pre-training tasks, BERT 140
is able to learn contextual relationships between words in a sentence and between sentences 1
in a document. Once pre-trained, BERT can be fine-tuned for specific classification tasks by 142
adding a classification head on top of the model. 143

Frozen (feature-based) and fine-tuned representations are two different types of repre- 14
sentations that can be extracted from a BERT model. Frozen representations, are derived  1ss
from the internal layers of a BERT model that has been pre-trained on a large, general- 1as
purpose dataset. These representations capture general patterns and structures in the data 1
that are useful for a wide range of tasks. Fine-tuned representations, on the other hand, 14
are derived from a BERT model that has been further trained on a specific task or dataset. 14
These representations are tailored to the specific characteristics of the task or dataset, and 150
can often provide better performance for that task or dataset compared to feature-based 1s:
representations. 152

In self-attention, a sequence of n items is transformed into a sequence of n vectors. 1ss
The i-th vector is computed by applying the self-attention mechanism to the i-th item and ~ 1ss


https://doi.org/10.20944/preprints202301.0221.v1

Preprints (www.preprints.org) | NOT PEER-REVIEWED | Posted: 12 January 2023 doi:10.20944/preprints202301.0221.v1

50f 20

all other items in the sequence. The self-attention mechanism is defined by three functions: 1ss
the query function Q, the key function K, and the value function V. The value function 1se
V is typically implemented as a linear transformation of the input item, such as a matrix sz
multiplication followed by an optional non-linear activation function. Given an input ss
sequence of items x1, X, ..., X;;, the self-attention mechanism produces an output sequence 1se

of vectors y1, Y2, ..., y» with the following formula: 160
n
yi =Y a;jV(x)) 1
j=1

where 4; ; is a weight that indicates the importance of item x; to the computation of vector e
;. These weights are computed by taking the dot product of the query vector Q(x;) and 12
the key vector K(x;) for all pairs of items i and j, and then normalizing these dot products e
using the softmax function: 108

_ ep(Ql) K(x)

Y i exp(Q(xi) - K(xx))

Protein language models, a subclass of natural language models, have gained sig- 1es
nificant attention in recent years due to their ability to generate highly expressive and 166
informative representations of protein sequences. These representations have been widely 167
applied to various tasks in computational biology, including predicting protein function, 1es
structure, and interactions [17,19,21,23,41,42]. 169
ProtBERT [19] is a protein language model that was pre-trained on the UniRef100 170
database [43], which contains over 216 million protein sequences. It is based on the BERT 17
model architecture [24] and uses the MLM pre-training task. ProtBERT-BFD [19] is a variant 172
of ProtBERT that was pre-trained on the BFD database [30], which consists of over 2.1 17
billion protein sequences. MembraneBERT [31] is a variant of ProtBERT-BFD that has been 174
fine-tuned on a dataset of membrane proteins [32], enabling it to specifically focus on the 175
characteristics of these proteins. 176

@

2.3. Machine learning classifiers 177

In this study, we use a range of common classical machine learning classifiers in the 17s
field of protein-informatics [23,44] including logistic regression, support vector machine, 17
random forest, k-nearest neighbor, and feed-forward neural network from the scikit-learn  1so
library [45] as well as a convolutional deep neural network implemented in Pytorch [46] 1e:
to distinguish ion channels from non-ion channels using the representations generated is
by ProtBERT, ProtBERT-BFD, and MembraneBERT. To optimize the performance of each s
classifier, we perform a grid search over a set of hyperparameters on the training set (See  1ss
Table 2). The optimized classifier is then applied to the test set to evaluate its performance. 1ss
In the following sections, we provide a detailed description of these methods. 186

2.3.1. Logistic Regression (LR) 187

LR [47] is a linear model that models the probability that an input sample belongs s
to a particular class, based on the linear combination of the input features and the model s
weights. Given a set of input features X = x1,x3, ..., x4, and their corresponding labels 10
Y =vy1,Y2, ..., ¥n, where y; € 0,1, the LR model learns the weights W = wq, wy, ..., wy, that 10
minimize the cost function, which is defined as the negative log-likelihood of the predicted o2
labels of the input data: 103

S
=

I
—

JW) = — lyilog(7:) + (1 — y;)log(1 —9i)] 3)

where m is the number of samples and §; is the predicted label of the i-th sample, which is  10s
computed as the sigmoid function of the linear combination of the input features and the 105
model weights: 196
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The sigmoid function maps the output of the linear combination to the range [0,1], 1o
which represents the probability that the i-th sample belongs to the positive class. The 10s
weights of the LR model are learned using gradient descent, which iteratively updates 10
the weights to minimize the cost function by computing the partial derivative of the cost 200
function with respect to each weight. 201

gi=c(W' x;) 4)

2.3.2. Support Vector Machine (SVM) 202

SVM [48] is a supervised learning algorithm that works by finding a decision boundary 203
that maximally separates the training data into their corresponding classes. The decision  zes
boundary is determined by the support vectors, which are the training data points that lie  20s
on the margin of the classes. The SVM model then predicts the label of the input data based 206

on the location of the input data relative to the decision boundary. 207

Given a set of input features X = x1,x, ..., x; and their corresponding labels Y = 208
Y1,Y2, -, Yn, Where y; € 0,1, the SVM model learns a decision boundary by solving the 200
following optimization problem: 210

1, n
—w'w+C j
min S w'w + ;Cz

st. yi(wp(x;j+b)+¢—-1>0, i=1,.,n ©)

¢>0, i=1,..,n

where w and b are the parameters of the decision boundary, ¢ is the vector of slack variables, 21
C is the penalty parameter, and ¢(x;) is the feature mapping of the input data. The decision =212
boundary is given by the equation w”¢(x) + b = 0. The SVM model then predicts the label 215
of the input data as: 214

§ = sign(w’ ¢(x) +b) 6)

where sign(z) = 1if z > 0 and sign(z) = —1ifz < 0. 215

The SVM model is effective, as it can learn complex decision boundaries that can =16
accurately separate the training data into their corresponding classes. It is also efficient, as 217
it only uses a small subset of the training data as support vectors to determine the decision 21s
boundary. However, the SVM model is sensitive to the choice of the kernel function, which 21
is used to map the input data into a higher-dimensional space [49]. The kernel function =220
allows the SVM model to learn non-linear decision boundaries by applying a non-linear 221
transformation to the input data. This is known as the kernel trick, which allows the SVM 222
model to learn complex decision boundaries without explicitly computing the feature 22s
mapping of the input data. This can improve the performance of the SVM model on 224
non-linearly separable data and make it more efficient, as it avoids the computationally zzs
expensive operation of mapping the input data into a higher-dimensional space [50]. 226

2.3.3. Random Forest (RF) 227

RF [51] is an ensemble model that consists of a collection of decision trees, where 22s
each tree is trained on a random subset of the input data and makes predictions based on 220
the feature values of the input data. This allows the decision trees to make independent 230
predictions and avoid overfitting the input data. The RF model uses the majority voting  =za
strategy to combine the predictions of the individual decision trees, which reduces the =32
variance of the predictions and improves the performance of the model. Given a set of 23
input features X = x1,x2, ..., x, and their corresponding labels Y = y1,¥>2, ..., yn, where 23
yi € 0,1, the RF model learns a set of decision trees to predict the labels of the input data as: =zss
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Figure 2. Proposed method for protein classification. The figure shows the proposed method for
classifying ion channel proteins from non-ion channel membrane proteins using a variety of classifiers.
The training and validation sets are used to fine-tune BERT-based models (ProtBERT, ProtBERT-BFD,
and MembraneBERT) depending on the classifier chosen, which can be a traditional classifier or a
deep learning-based classifier (CNN). These models are then evaluated on the test set to determine
their performance in classifying the proteins.

~

1 T
§i =7 L dij %
]:

where #; is the final prediction for sample i made by the random forest, T is the number 23
of decision trees in the random forest, and 7; ; is the prediction of the j-th decision tree for s
sample i. 238

2.3.4. k-Nearest Neighbor (kNN) 230

kNN [52] is a non-parametric supervised learning algorithm that works by calculating 240
the distance between the input data and a set of labeled training data. The distance is 2a
calculated using a distance metric, such as the Euclidean distance, which measures the s
difference between the feature values of the input data and the training data. The kNN 243
model then predicts the label of the input data by finding the k training data points that are 24
closest to the input data and averaging their labels. 245

Given an input data point x with features X = x1, xp, ..., x; and a set of training data 246
T = (t1,y1), (t2,Y2), .., (tm, Ym), where t; is the feature vector of the training data and y; is 2«7

its corresponding label, the kNN model predicts the label of the input data as follows: 248
1 k
g=2) v (8)
k=

where y; is the label of the i-th nearest neighbor to the input data and k is the number of 24
neighbors. 250

The kNN model is simple and easy to implement, as it does not require training to  2s1
learn the relationship between the input features and the output labels. However, the model 252
does require training to learn the distance metric that is used to determine the similarity 2ss
between the input data points and the reference points. It is also effective, as it can learn  2sa
complex non-linear relationships between the input data and the output labels. However, 2ss
it is computationally expensive, as it requires calculating the distances between the input  2se
data and the entire training set for each prediction. In addition, the kNN model is sensitive sz
to the choice of the distance metric and the number of neighbors, which can affect the ss
performance of the model. 250

2.3.5. Feed-Forward Neural Network (FFNN) 260

FFNN [53,54] consists of multiple layers of neurons, where each layer transforms the 26
input data into a higher-dimensional space using a non-linear activation function. The final =z
output of the FFNN is obtained by applying a linear activation function to the output of 263
the last layer. Given a set of input features X = x1, xp, ..., X, and their corresponding labels  zes
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Table 2. Optimal hyperparameters of classifiers. The table lists the optimal hyperparameters of the
classifiers determined through grid search.

Classifier Hyperparameter Value
algorithm auto
KNN leaf size 10
number of neighbors 5
min samples leaf 1
RF min samples split 2
number of estimators 100
C 10
SVM gamma 0.1
kernel rbf
C 1
LR max iteration 100
solver Ibfgs
alpha 0.0001
FFNN hidden layer sizes (256, 32)
learning rate invscaling
epochs 10
CNN learning rate 5¢~°
batch size 4

Y = y1,Y2,...,yn, where y; € 0,1, the FFNN model learns a set of weights and biases to  zes
predict the labels of the input data as follows: 266

Y :fout<

where W; and b; are the weights and biases of the i-th layer, fa is the non-linear activation 2.
function, and foyt is the linear activation function applied to the output of the last layer.  zes

The FFNN model learns the weights and biases of each layer using a gradient-based zee
optimization algorithm, such as Adam [55]. The optimization algorithm minimizes the loss 27
function, which measures the difference between the predicted labels Y and the true labels >
Y. The loss function is used to compute the gradients of the weights and biases with respect 272
to the loss, which are then used to update the weights and biases of the model. 273

The FFNN model is known for its ability to learn complex non-linear relationships 27
between the input features and the labels. It is also flexible, as it can be easily adapted to 2
different datasets by changing the number of layers and the number of neurons in each 27
layer. However, the FFNN model is prone to overfitting and requires a large amount of 277
training data to learn the weights and biases accurately[53]. 278

n
Wifact(WiX + bz) + bout) (9)

i=1

2.3.6. Convolutional Neural Network (CNN) 270

A CNN [56,57] is a type of neural network that that has been successfully applied to  2e0
various tasks, including image classification and object detection [57,58] and it has also  ze:
been used for protein analysis [13,59]. It consists of multiple layers of neurons, where zs:
each layer applies a convolution operation to the input data to extract local features. The  zs:
convolution operation is applied using a set of filters, where each filter is a small matrix 2sa
of weights that is learned by the CNN model. The final output of the CNN is obtained by  zes
applying a non-linear activation function to the output of the last layer. 286

The convolution operation is a mathematical operation that involves combining an  2e-
input sequence with a set of filters using element-wise multiplication, sliding the filters 2ss
across the input, and producing an output through element-wise summation. In the 2eo
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context of a CNN, this operation is used to extract features from the input sequence. The 200
convolution operation can be defined mathematically in two ways: 201

1.  Using the asterisk (*) as the convolution operator:
O=XxF (10)

where O is the output of the convolution operation, X is the input sequence, and F 202

is the set of filters. The output of the convolution operation is a feature map with 203

dimensions (I — f; 4+ 1) x o, where [ is the length of the input sequence, f; is the length 264

of the filters, and o is the number of output channels. 205
2. Using a double sum:

c
O; = fact (Z Y Fijk Xivk1,j + bi) (11)

j=1k=1

where O; is the output of the convolution operation at position i, f,ct is the non-linear 296
activation function, and b; is the bias of the filter. 207

The CNN model, similar to FENN learns the filters using a gradient-based optimization zes
algorithm. Then the loss function is used to compute the gradients of the filters with respect 200
to the loss, which are then used to update the filters of the model. 300

In this work, we used a CNN to classify ion channels and non-ion channels, as well as 301
to fine-tune ProtBERT, ProtBERT-BFD, and MembraneBERT concurrently during training. o2
The proposed CNN consists of multiple convolutional layers with various filter sizes and  sos
numbers, followed by a dropout layer, and three fully connected layers. Dropout [60] is  s0s
a regularization technique in deep learning that helps prevent overfitting by randomly  ses
dropping out a certain percentage of neurons in the network during training. The first and  sos
second fully connected layers contain 128 and 64 neurons, respectively, while the final layer o7
has 2 neurons to predict the class probabilities. The convolutional layers extract features sos
from the input data and the fully connected layers classify these features into the desired 00
classes. The input data is processed by the convolutional layers during the forward pass of 10
the model, followed by the dropout layer to reduce overfitting, and finally passed through 1.
the fully connected layers to generate the class probabilities. 312

The proposed CNN architecture for classifying ion channels and non-ion channels, as 13
well as for fine-tuning ProtBERT, ProtBERT-BFD, and MembraneBERT concurrently during sie
training, is well-suited for this task for several reasons. First, the use of convolutional layers sis
allows the model to extract features from the input data and learn spatial relationships s
between the input elements, which is particularly useful for processing sequential data si7
such as protein sequences [57]. Additionally, the use of multiple convolutional layers with s1s
various filter sizes and numbers allows the model to learn a hierarchy of features, with each 1
layer learning more complex features based on the simpler ones learned by the previous sz
layers [58]. This can help the model capture more nuanced patterns in the input data and sz
improve its ability to classify the data. The inclusion of a dropout [60] layer also helps sz
prevent overfitting, which can improve the model’s generalization to unseen data and its sz
performance on the test set. Finally, the use of fully connected layers allows the model to sz«
classify the features extracted by the convolutional layers into the desired classes, with the 325
three fully connected layers learning more complex relationships between the features and sz
the classes. s27

2.4. Proposed Method 328

Our proposed method for protein classification is illustrated in Figure 2. This method sz
involves using a variety of classifiers to classify ion channel proteins from non-ion channel 3o
membrane proteins. The classifiers include both traditional machine learning algorithms s
(kKNN, RE, SVM, LR, FFNN) and deep learning-based approach (CNN). 332
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Figure 3. Distribution of protein lengths in the dataset. The distribution of protein lengths in the
dataset is depicted in this histogram, with the x-axis representing the length of the proteins and the
y-axis indicating the number of proteins.

For the classical machine learning classifiers, the BERT-based models (ProtBERT, sas
ProtBERT-BFD, and MembraneBERT) are first fine-tuned using a one-layer feed-forward s
classifier. The representations learned by the fine-tuned BERT models are then extracted sss
and used as input for the classical classifiers. 336

For the deep learning-based classifier, the BERT-based models are fine-tuned concur- sz
rently with the proposed CNN during training. This allows the BERT models to learn sss
task-specific representations that are better suited for the protein classification task. The 30
representations learned by the fine-tuned BERT models are then used as input for the CNN, 340
which is trained to classify the proteins based on these representations. 341

During the training phase, the classifiers are trained on the training and validation s
sets, which are used to fine-tune the BERT-based models (ProtBERT, ProtBERT-BFD, and 343
MembraneBERT) depending on the classifier chosen. The validation set is a subset of 34
the training data that is used to tune the hyperparameters of a model, assess the model’s 145
generalization performance, and prevent overfitting. In our work, the validation set was 46
randomly chosen to be 10% of the training set. 347

Once the classifiers and BERT-based models have been trained, they are evaluated on  s4s
the test set to determine their performance in classifying the proteins. The test set consists sas
of data that the model has not seen during training, and its performance on this set provides sso
an estimate of the model’s generalization ability to classify new, unseen data. 351

2.5. Grid search 352

In this work, we used the grid search method to find the optimal hyperparameter s
values for each classifier (see Table 2). The grid search method involves training and s
evaluating a model on a grid of hyperparameter values, using cross-validation (CV) to  sss
estimate the model’s performance, in order to find the combination of hyperparameter sss
values that results in the best performance on the data. By applying the grid search method, s
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Figure 4. t-SNE plot of BERT representations. A t-SNE plot is shown in this figure, illustrating the
two-dimensional representations of the sequences obtained from ProtBERT, ProtBERT-BFD, and
MembraneBERT for the ion channel and non-ion channel classes in the dataset. The ion channel
sequences are plotted in blue, while the non-ion channel sequences are plotted in orange.

we were able to identify the classifier and hyperparameter combination that achieved the  sss
best performance on the data. 3590

2.6. Evaluation methods 360

In our study, we used 5-fold CV to evaluate the performance of all of the classifiers. se
CV is a technique that involves dividing the dataset into a number of folds, training the e
model on some of the folds, and evaluating the model on the remaining folds. This process ses
is repeated a number of times, with different combinations of training and evaluation e
folds, in order to obtain a more robust estimate of the model’s performance. The optimal  ses
hyperparameters for each classifier were determined based on the results of the CV, and  ses
are shown in Table 2. 367

2.6.1. McNemar'’s test 368

We utilize McNemar’s test to evaluate the differences in performance between our see
proposed method, TooT-BERT-CNN-C, and the state-of-the-art model TooT-BERT-C. Mc- 370
Nemar'’s test [61] is a statistical test used to compare the performance of two different sn
classifiers on a binary classification task. It is typically used when the same set of samples sz
has been classified by both classifiers, and the goal is to determine whether the performance 7

of one classifier is significantly better than the other. 374
The test is based on the contingency table, which is a 2x2 table that compares the a7
outcomes of two classification methods. The formula for McNemar'’s test is: 376
2
2_(b—¢)
=—" 12
X b+c 12)

where b represents the number of cases where the first model made an incorrect prediction, s
while the second model made a correct prediction. ¢ represents the number of cases where 37
the first model made a correct prediction, while the second model made an incorrect sz
prediction. 380

To interpret the results of McNemar’s test, a p-value is calculated based on the chi- se
square statistic. If the p-value is less than a predetermined threshold (usually 0.05), then it s
is considered statistically significant and the null hypothesis (that there is no difference in s
performance between the two classifiers) is rejected. This indicates that there is a statistically  ses
significant difference in the performance of the two classifiers. 385
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Table 3. Performance comparison of different classifiers and representations. The table presents a
comparison of the performance of different classical and deep learning classifiers and representations,
as generated from ProtBERT, ProtBERT-BFD, and MembraneBERT on CV and independent test sets.
The results are evaluated using various metrics, with the largest value in each column on independent
test results indicated in boldface for comparison between different classifiers. The second best result
in each column is indicated with an underline for further analysis and comparison.

PLM Method Acc(%) Sen(%) Spc(%) MCC
CcvV Ind. Ccv Ind. Ccv Ind. Ccv Ind.

kNN 97.80+0.23 97.69 71.61+375 70.00 99.65+025 99.53 0.8086+0.0213 0.7972
RF 97.30+0.22 9758 60.69+3.14 6333 99.88+0.15 100.00 0.7557+0.0234 0.7749
SVM 9522 +0.27 9824 37.63+423 7500 99.29+0.23 100.00 0.4469+0.0358 0.8483
LR 9757 £025 9780 67.13+3.77 6833 99.72+0.25 100.00 0.7852+0.0234 0.8068
FENN  97.13+0.54 98.02 67.04+423 7333 98.69+142 100.00 0.7126+0.0299 0.7848
CNN  99.09+0.82 9780 8890382 66.66 99.82+0.21 100.00 0.9235+0.0728 0.8070

Average ProtBERT 97.86 69.44 99.92 0.8032

kNN 98.97 +0.31 9747 88.19+5.12 7500 99.73+0.10 98.71 0.9137 +0.0275 0.7848
RF 99.03+0.45 9747 8797+585 76.67 99.80+0.12 98.82 0.9187+0.0390 0.7767
SVM 98.39+£0.40 97.69 79.87+£549 7500 99.69+0.13 100.00 0.8450+0.0353 0.8016
LR 98.96 +0.43 9824 86.71+555 76.67 99.82+0.11 99.76 0.9123+0.0375 0.8486
FFNN  98.34+0.92 97.03 82.08+742 76.67 99.38+0.78 100.00 0.8557 +0.0584 0.8287
CNN  99.39+0.20 9835 9338+296 75.00 99.82+0.14 100.00 0.9506+0.0167 0.8584

Average ProtBERT-BFD 97.71 75.84 99.55 0.8165

kNN 99.59 +0.34 96.92 9648 +3.03 66.67 99.81+0.18 98.82 0.9665 +0.0278 0.7358
RF 99.59 +033 97.03 9632+284 6833 99.82+0.17 9894 0.9670+0.0274 0.7495
SVM 99.29+£032 97.03 91.86+3.13 6833 99.81+0.15 100.00 0.9397 +0.0264 0.7383

ProtBERT

ProtBERT-BFD

MembraneBERT LR 9950033 97.14 9553288 66.67 99.78+0.17 99.29 09590+ 0.0275 0.7472
FENN  99.18 +044 9725 91.07+484 6833 99.77+020 100.00 0.9159 +0.0491 0.7383
CNN  97.86+157 9791 75.55+455 68.33 99.44+1.04 100.00 0.8203=0.1267 0.8175
Average MembraneBERT 97.21 67.78 99.51 0.7544
2.6.2. Evaluation metrics 386

For this paper, we used a variety of performance metrics to evaluate the effectiveness of = ss
our approach for predicting ion channels. These metrics included accuracy (Acc), sensitivity —sss
(Sen), specificity (Spc), and the Matthew’s correlation coefficient (MCC). 380

The dataset used in this work, consists of 301 ion channels and 4,263 non ion-channels, 30
which is an imbalanced dataset. This means that the number of samples in each class is not = se:
equal, and this can affect the performance of machine learning algorithms. In imbalanced  se2
datasets, accuracy can be misleading as it does not take into account the relative frequencies o3
of the different classes. This can lead to the model achieving high accuracy by simply e
predicting the majority class all the time, even if it has poor performance on the minority s
class. Therefore, it is often recommended to use metrics that consider all classes, such as 396
the MCC, which takes into account true and false positives and negatives [62]. 307

Accuracy is a measure of the overall correct classification rate and is calculated as the ses
number of correct predictions divided by the total number of predictions. It is expressed as  ses

a percentage and can be calculated using the following formula: 400
TP+ TN
Accuracy = TP+ TN + EP L EN (13)

Sensitivity, also known as the true positive rate, is a measure of the proportion of s
actual positive cases that are correctly identified as such. It is calculated using the following a0z
formula: 403

TP
TP+ FN
Specificity, also known as the true negative rate, is a measure of the proportion of ses
actual negative cases that are correctly identified as such. It is calculated using the following  os
formula: 406

Sensitivity = (14)

TN

TN+ FP (15

Specificity =
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Figure 5. Performance comparison of different classifiers. The performance of different classical
and deep learning classifiers and representations generated from ProtBERT, ProtBERT-BFD and
MembraneBERT is compared on independent test sets using the MCC metric in this figure.

MCC is a measure of the overall accuracy of a binary classifier, taking into account o7
both the true and false positive and negative rates. It can range from -1 (perfectly incorrect) aos
to 1 (perfectly correct) and is calculated using the following formula: 400

TP-TN —FP-
MCC = P IN (16)
\/(TP + FP)(TP + FN)(TN + FP)(TN + FN)
where TP (True Positive) is a case where the classifier correctly predicts the positive class, a0
TN (True Negative) is a case where the classifier correctly predicts the negative class, FP 41
(False Positive) is a case where the classifier incorrectly predicts the positive class, and FN 412

(False Negative) is a case where the classifier incorrectly predicts the negative class. a13
3. Results and Discussion a1s
3.1. Protein sequence evaluation a1s

One issue with using protein language models is the need to consider fixed sizes for as
protein sequences. This can be a concern as it may result in the loss of important structural = 7
or functional information. In our method, we truncated the protein sequences to a size 41
of 1024 during the fine-tuning of ProtBERT, ProtBERT-BFD, and MembraneBERT due to a1
memory and resource limitations. An analysis, shown in Figure 3, was conducted to assess 420
the impact of this truncation on the dataset. The histogram in Figure 3 illustrates the 42
distribution of protein sequence lengths in the dataset. As can be seen, the majority of sz
protein sequences in the dataset are shorter than the truncation length, indicating that 42
we are not likely to be losing a significant amount of information through this truncation s2s
during the fine-tuning of the BERT models. 425

In order to visualize the representations from ProtBERT, ProtBERT-BFD, and Mem- 426
braneBERT for ion channels and non-ion channels, we utilize t-SNE (t-Distributed Stochastic 427
Neighbor Embedding) [63]. t-SNE is a dimensionality reduction technique that projects 42s
high-dimensional data onto a lower-dimensional space while preserving the relationships s2s
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Table 4. Performance comparison of different classifiers and representations. This table presents
a comparison of the performance of different classical and deep learning classifiers, grouped by
method, and representations generated from ProtBERT, ProtBERT-BFD, and MembraneBERT on
cross-validation (CV) and independent test sets. The results are evaluated using various metrics, with
the largest value in each column on independent test results indicated in boldface for comparison
between different classifiers. The second-best result in each column is indicated with an underline for
further analysis and comparison.

Method Representation Acc(%) Sen(%) Spc(%) MCC
cv Ind. Ccv Ind. Ccv Ind. Ccv Ind.

ProtBERT-BFD  98.97 £0.31 9747 8819512 7500 99.73+0.10 9871 0.9137£0.0275 0.7848
kNN ProtBERT 9780023 97.69 71.61+375 70.00 99.65+0.25 99.53 0.8086 +0.0213 0.7972
MembraneBERT 99.59 +0.34 9692 9648 +3.03 66.67 99.81+0.18 98.82 0.9665+0.0278 0.7358
Average KNN 97.36 70.56 99.02 0.7726
ProtBERT-BFD ~ 99.03 + 0.45 9747 8797 +585 76.67 99.80+0.12 98.82 0.9187 +0.0390 0.7767
RF ProtBERT 9730+0.22 9758 60.69+3.14 6333 99.88+0.15 100.00 0.7557 +0.0234 0.7749
MembraneBERT  99.59 +0.33 97.03 96.32+2.84 6833 99.82+0.17 98.94 0.96700.0274 0.7495
Average RF 97.36 69.44 99.25 0.7670
ProtBERT-BFD  98.39 +0.40 97.69 79.87+549 75.00 99.69+0.13 100.00 0.8450+0.0353 0.8016
SVM ProtBERT 9522027 9824 37.63+423 7500 99.29+0.23 100.00 0.4469 +0.0358 0.8483
MembraneBERT 99.29 +0.32 97.03 91.86+3.13 6833 99.81+0.15 100.00 0.9397 +0.0264 0.7383
Average SVM 97.65 72.78 100.00 0.7961
ProtBERT-BFD 9896 +0.43 9824 86.71+555 76.67 99.82+0.11 99.76 0.9123+0.0375 (0.8486
LR ProtBERT 9757 +0.25 9780 67.13+3.77 6833 99.72+0.25 100.00 0.7852+0.0234 0.8068
MembraneBERT 99.50 +0.33 97.14 9553 £2.88 66.67 99.78+0.17 9929 0.9590 + 0.0275 0.7472
Average LR 97.73 70.56 99.68 0.8009
ProtBERT-BFD  98.34 +0.92 97.03 82.08+7.42 76.67 99.38+0.78 100.00 0.8557 +0.0584 0.8287
FFENN ProtBERT 9713 +0.54 98.02 67.04+423 7333 98.69+142 100.00 0.7126+0.0299 0.7848
MembraneBERT 99.18 + 0.44 9725 91.07+4.84 6833 99.77+0.20 100.00 0.9159 +0.0491 0.7383
Average FFNN 97.43 72.78 100.00 0.7839
ProtBERT-BFD  99.39+0.20 9835 93.38+296 7500 99.82+0.14 100.00 0.9506 +0.0167 0.8584
CNN ProtBERT 99.09+0.82 97.80 88.90+3.82 66.66 99.82+0.21 100.00 0.9235=0.0728 0.8070
MembraneBERT 97.86 +1.57 9791 75.55+455 6833 99.44+1.04 100.00 0.8203+0.1267 0.8175
Average CNN 98.02 70.00 100.00 0.8276

between the data points. It is useful for visualizing complex, non-linear relationships in 430
data and is commonly used in fields such as machine learning and data visualization. 431

The t-SNE plot in Figure 4 demonstrates the ability of ProtBERT, ProtBERT-BFD, and a2
MembraneBERT to capture important features of protein sequences that distinguish ion 433
channels from non-ion channels. The plot shows that the representations produced by ass
these models can effectively separate ion channels (depicted in blue) from non-ion channels 435
(depicted in orange) in two dimensions, indicating that the models are able to capture ass
fundamental differences between the two classes. These differences could include sequence as7
composition or structural properties that are indicative of ion channel proteins. a38

3.2. Performance of machine learning classifiers a39

Table 3 presents a comparison of the performance of various classifiers using different aso
representations from ProtBERT, ProtBERT-BFD, and MembraneBERT on the task of ion 4
channel prediction. The classifiers included in the table are kNN, RF, SVM, LR, and a CNN. 442
The table presents results for several evaluation metrics including accuracy, sensitivity, 4as
specificity, and MCC. The results are provided for both CV and independent test sets. The = 44s
table shows the mean and standard deviation of the metric over the folds of CV, as well as  ass
the value on the independent set. 446

Opverall, Table 3 suggests that the classifiers achieve high performance on the ion chan- 47
nel prediction task, with most of the mean values for the evaluation metrics being above 44
90%. The best results are typically achieved using the ProtBERT-BFD and MembraneBERT 440
representations, which tend to outperform the ProtBERT representation in most cases. The 4so
SVM classifier generally performs worse than the other classifiers, with lower mean values 45
for most of the evaluation metrics. 452
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Figure 6. Comparison of performance of different classifiers. This figure shows the results of the
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performance comparison of different classical and deep learning classifiers, grouped by method, on
independent test sets using the MCC metric. The results were generated from ProtBERT, ProtBERT-
BFD, and MembraneBERT representations.

Table 3 demonstrates overfitting, as the values for the evaluation metrics on the inde- 4s3
pendent set are consistently lower than the corresponding values on the cross-validation set. ss
Also, this could potentially be due to differences in the characteristics of the cross-validation ass
set and the independent test set, such as differences in the distribution of protein lengths or 4se
the prevalence of certain types of proteins. The cross-validation set is used to train and eval- 457
uate the performance of the classifiers and representations, while the independent test setis 4ss
used to evaluate the performance of the final models chosen based on the cross-validation se
set. It is possible that there may be differences in the characteristics of the two datasets, 4s0
which could affect the performance of the models on the independent test set. For example, 46
the distribution of protein lengths or the prevalence of certain types of proteins may be 42
different between the two datasets, which could potentially affect the performance of the 4es
models. 464

The results presented in Table 3 and Figure 5 suggest that among the classifiers aes
considered, the CNN generally performs the best in terms of the MCC. Specifically, on the 4s6
cross-validation set, the CNN achieves a mean MCC of 0.9506, and on the independent set, 467
the CNN also achieves the highest MCC with a value of 0.8584, outperforming the other aes
classifiers. However, it is worth noting that the other classifiers also demonstrate strong  seo
performance on the ion channel prediction task, as indicated by the high mean values for a7
the MCC and other evaluation metrics. an1

For example, the kNN, RF, and LR classifiers all achieve mean MCC values above 0.9 472
on the cross-validation set, and the RF and LR classifiers achieve mean MCC values above 43
0.9 on the independent set. One reason for the superior performance of the CNN may be 474
its ability to learn more complex and expressive features from the protein sequences. Asa a7s
type of deep learning model, the CNN is able to learn hierarchical representations of the 476
data by applying multiple layers of convolution and pooling to the input sequences [58], 477
allowing it to capture fine-grained and nuanced features of the sequences that may be more 47s
relevant for predicting ion channels. a79
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Figure 7. Confusion matrices for TooT-BERT-C and TooT-BERT-CNN-C. This figure presents confusion
matrices for two approaches, TooT-BERT-C and TooT-BERT-CNN-C, used in the task of ion channel
prediction.

The results presented in Table 4 are similar to those in Table 3, but in this table they 4s0
are grouped by method (see Figure 6) and the average is taken for each method across the e
three representations. The average results in Table 4 show that the methods had high levels 42
of accuracy, with the CNN achieving the highest score of 98.02%. In terms of sensitivity, ass
the SVM and FFNN methods had the highest scores at 72.78%, while the CNN and SVM  4es
methods had the highest specificity scores at 100%. The MCC was highest for the CNN  4ss
and LR methods, with scores of 0.8276 and 0.8009, respectively. Based on these results, ass
the CNN method appears to have the best overall performance, followed by the SVM and 457
FFNN methods. 288

3.3. Comparison to state-of-the-art approaches a8o

Figure 7 presents the confusion matrices for the ion channel prediction task using s
the TooT-BERT-C and TooT-BERT-CNN-C approaches. A confusion matrix is a table that ae:
visualizes the performance of a binary classification model, with four cells representing a2
the number of true positive (TP), true negative (TN), false positive (FP), and false negative 4os
(EN) predictions made by the model. The matrix for TooT-BERT-C indicates that the model 404
made 46 TP, 848 TN, 2 FP, and 14 FN predictions. The matrix for TooT-BERT-CNN-C shows  4ss
45 TP, 850 TN, 0 FP, and 15 FN predictions. Both models exhibit strong performance, as 46
indicated by the high number of TP and TN predictions. However, TooT-BERT-CNN-C 407
appears to have slightly better performance, with a higher number of TN predictions and a  ass
lower number of FP predictions compared to TooT-BERT-C. 499

Table 5 compares the performance of the new approach, referred to as TooT-BERT-  sco
CNN-C, to three previous approaches for the task of ion channel prediction: Deeplon [14], so:
MFPS_CNN [13], and TooT-BERT-C [34]. The table includes several different evaluation soz
metrics, including accuracy, sensitivity, specificity, and MCC. The results are shown for sos
both CV and independent sets. For each approach, the table shows the value of the metric  sos
on the independent set and the mean value over the folds of the cross-validation set. 505

The proposed approach demonstrates superior performance compared to the previous sos
approaches. On the independent set, TooI-BERT-CNN-C achieves the highest values sor
for most of the evaluation metrics, with the exception of sensitivity where MFPS_CNN  sos
performs slightly better. On the cross-validation set, TooT-BERT-CNN-C achieves the s
highest values for accuracy, specificity, and MCC. The strong generalization performance sio
of TooT-BERT-CNN-C on the independent set suggests that it is able to accurately predict s
ion channels in unseen data. s12

One potential reason for the improved performance of TooT-BERT-CNN-C is the s
combination of BERT-based representations and a CNN classifier. BERT-based models are s
able to capture the context-aware structure of the sequences, while the CNN is able to learn  sis
hierarchical representations of the data. s16
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Table 5. Comparative performance of TooT-BERT-CNN-C with state-of-the-art. This table compares
the performance of TooT-BERT-CNN-C with state-of-the-art approaches on cross-validated and
independent test sets using evaluation metrics such as sensitivity, specificity, accuracy, and MCC. The
maximum value in each column is highlighted in boldface.

Method Acc(%) Sen(%) Spc(%) MCC
Ind. CV Ind. CV Ind. CvV Ind. CV
Deeplon [14] 86.53 87.05 6833 8920 8772 8489 037 0.75

MFPS_CNN [13] 94.60 9650 76.70 95.00 95.80 98.00 0.62 0.93
TooT-BERT-C [34] 98.24 9896 76.67 86.71 99.76 99.82 0.85 091
TooT-BERT-CNN-C 98.35 99.39 75.00 93.38 100.00 99.82 0.86 0.95

Overall, our analysis shows that TooT-BERT-CNN-C outperforms TooT-BERT-C, as =7
indicated by the results of a McNemar’s test, which yielded a weak p-value of 0.0625. s18

4. Conclusions 510

In this study, we sought to accurately differentiate between ion channels and non- sz
ion channels, a task of significant importance in the fields of biology and medicine. We sz
previously demonstrated the effectiveness of protein language models for this purpose s22
through the use of logistic regression with ProtBERT-BFD representations, resulting in the s2s
TooT-BERT-C approach. In this paper, we expanded upon this work by evaluating various sza
classical classifiers, including k-nearest neighbors, random forest, support vector machine, szs
and a feed-forward neural network, as well as logistic regression, and implementing a sze
convolutional neural network for comparison. Our results showed that the new approach, ser
TooT-BERT-CNN-C, outperformed the state-of-the-art and the previous approach, with sz
an increase in Matthews Correlation Coefficient from 0.8486 to 0.8584 and improvement sz
in accuracy from 98.24% to 98.35%. This demonstrates the effectiveness of our method in  sso
distinguishing between ion channels and non-ion channels, and highlights the potential of s
combining pre-trained language models and deep learning models for this task. In future ss=
work, we plan to investigate other pre-trained language models and deep learning models, sss
as well as alternative representations and feature engineering techniques. s34
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kNN k-Nearest Neighbors

RF Random Forest
SVM  Support Vector Machine
LR Logistic Regression

FFNN  Feed-Forward Neural Network
CNN  Convolutional Neural Network
MCC Matthews Correlation Coefficient

P True Positive
N True Negative
FP False Positive

FN False Negative
t-SNE  t-distributed Stochastic Neighbor Embedding
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