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Highlights 

 A deep learning technique for identifying molecular functions of Clathrin with high 

performance 

 The proposed idea is to transform the position-specific scoring matrices to 2D images and 

feed into 2D convolutional neural networks. 

 Compared with the other state-of-the-art techniques, our method had a significant 

improvement in all of the measurement metrics. 

 A powerful model to help biologists discover the new sequences that belong to Clathrin 

 A basis for further research that can improve the performance of protein function 

prediction using deep neural networks. 
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Abstract 

Background and Objectives: Clathrin is an adaptor protein that serves as the principal element 

of the vesicle-coating complex and is important for the membrane cleavage to dispense the 

invaginated vesicle from the plasma membrane. The functional loss of clathrins has been tied to 

a lot of human diseases, i.e., neurodegenerative disorders, cancer, Alzheimer‟s diseases, and so 

on. Therefore, creating a precise model to identify its functions is a crucial step towards 

understanding human diseases and designing drug targets.  

Methods: We present a deep learning model using a two-dimensional convolutional neural 

network (CNN) and position-specific scoring matrix (PSSM) profiles to identify clathrin proteins 

from high throughput sequences. Traditionally, the 2D CNNs take images as an input so we 

treated the PSSM profile with a 20x20 matrix as an image of 20x20 pixels. The input PSSM 
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profile was then connected to our 2D CNN in which we set a variety of parameters to improve 

the performance of the model. Based on the 10-fold cross-validation results, hyper-parameter 

optimization process was employed to find the best model for our dataset. Finally, an 

independent dataset was used to assess the predictive ability of the current model. 

Results: Our model could identify clathrin proteins with sensitivity of 92.2%, specificity of 

91.2%, accuracy of 91.8%, and MCC of 0.83 in the independent dataset. Compared to state-of-

the-art traditional neural networks, our method achieved a significant improvement in all typical 

measurement metrics. 

Conclusions: Throughout the proposed study, we provide an effective tool for investigating 

clathrin proteins and our achievement could promote the use of deep learning in biomedical 

research. We also provide source codes and dataset freely at 

https://www.github.com/khanhlee/deep-clathrin/. 

Keywords: clathrin coated pits; convolutional neural network; vesicular transport; molecular 

function; adaptor protein complex; position specific scoring matrix 
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1. Introduction 

Clathrin is an adaptor protein that serves as the principal element of the vesicle-coating complex 

and is important for the membrane cleavage to dispense the invaginated vesicle from the plasma 

membrane [1]. It forms a triskelion shape including three clathrin heavy chains at their C-

terminals and three light chains. Clathrin plays a vital role in deciding the function of vesicular 

transport in the cytoplasm for membrane trafficking [2, 3]. Clathrin-coated vesicles selectively 

separate cargo at the cell membrane, trans-Golgi network, and endosomal compartments for 

diversified membrane traffic pathways. After vesicle sprouts into the cytoplasm, the coat 

immediately disassembles, admitting the clathrin to reuse since the vesicle are transported to a 

variety of sub-locations. Some of the extracellular molecules, e.g., proteins, membrane receptors, 

and ion channels use clathrin as a specific uptake. Clathrin is also the main scaffold protein that 

is present in cellular uptake of DNA–chitosan nanoparticles. It includes a variety of cholesterol-

rich pathways, e.g. the caveolae-mediated pathway [4]. Many studies determined that the 

functional missing of clathrins in cell systems would affect a variety of human diseases, e.g. 

cancer, Alzheimer, neurodegenerative, and so on [5-7]. 

Due to their essential role in human diseases, clathrin proteins attracted various researchers who 

conducted their research on them. Over the past decade, many research groups have applied 

different biological techniques to identify clathrin proteins, i.e., by using Tom1–Tollip complex 

[8], partial amino acid sequence [9], or agarose gel electrophoresis [10]. James et al [11] 

identified the clathrin-binding domain by proteolytically cleaving AP-2 into 2 discrete moieties, 

termed light and heavy mero-AP (LM-AP and HM-AP). Biological researchers also conducted 

experiments to discover new clathrins, such as assembly protein AP180 [12], γ2-adaptin [13], 

TACC3/ch‐ TOG/clathrin complex [14], myelin basic protein [15], and so on. 
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Most published works on clathrin proteins achieved high performance, but to our knowledge, no 

researcher conducted the identification of clathrin proteins by using machine learning techniques. 

It is challenging and motivates us to create a precise model for this. In earlier years, researchers 

used shallow neural networks for solving problems in computational biology. For instance, Ou 

constructed the QuickRBF package [16] for training radial basis function (RBF) networks and 

applied it on several biological problems including classifying membrane transport proteins [17], 

transporters [17], and FAD binding sites [18]. Next, (who?) [19] introduced LibSVM to help 

biologists implement biological models by using support vector machines. Recently, as deep 

learning had been successfully applied in various fields, researchers started to use it in 

biomedical research, e.g., medical imaging prediction [20], cancer prediction [21] and protein 

secondary structures prediction [22]. Although those studies achieved very good performances, 

we believe that we can obtain superior results by using 2D CNN in some biological applications. 

Based on the advantages of deep learning, this study consequently proposes the use of a 2D 

convolutional neural network (CNN) constructed from position-specific scoring matrix (PSSM) 

profiles to identify clathrin proteins. The basic principle has already been successfully applied to 

identify electron transport proteins [23], Rab GTPases [24], and motor proteins [25]. Thus, in 

this paper, we extend this approach with in-depth analysis to identify the molecular functions of 

clathrin proteins. The main achievements, including contributions to the field, are presented as 

follows: (i) development of a deep learning framework to identify clathrins‟ functions from 

protein sequences, in which our model exhibited a significant improvement beyond traditional 

machine learning algorithms; (ii) first computational study to identify clathrin proteins and 

provide useful information to biologists to discover  clathrins‟ molecular functions; (iii) valid 

benchmark dataset to train and test clathrin proteins with high accuracy, which forms a basis for 



ACCEPTED MANUSCRIPT

ACCEPTED M
ANUSCRIP

T

6 
 

future research on clathrin proteins; and (iv) source codes and models for further researches in 

applying 2D CNN architecture in protein function prediction. 

2. Materials and Methods 

We implemented an efficient framework for identifying clathrin proteins by using a 2D CNN and 

PSSM profiles. The framework consists of four procedures: data collection, feature extraction, 

CNN generation, and model evaluation. Fig. 1 presents the flowchart of our framework, and its 

details are described as follows. 

2.1. Data collection 

The dataset was retrieved from the NCBI database [26], which is one of the comprehensive 

resources for biotechnology information. First of all, we collected clathrin proteins using the 

keyword „clathrin‟ from the NCBI. There are many database sources in NCBI, and in this study, 

we chose the protein sequence from UniProt [27]. The proposed problem was the binary 

classification between clathrin proteins and general proteins, thus we collected a set of general 

proteins as negative data. In order to create a precise model, there is a need to collect negative 

dataset which has a similar function and structure with the positive dataset. From there it is 

challenging to build a precise model but it increases our contribution to the predictor. Therefore, 

we chose vesicular transport protein, which is a general protein including clathrin protein.  

In most bioinformatics problems, authors should remove redundant sequences with similarity 

more than 30-40%. However, to fully utilize the superiority of deep learning, this study chose to 

remove the redundant sequences with similarity of 100%. With this cut-off level, we were able to 

retrieve enough data for deep neural networks and generate hidden information inside each 

sequence. To perform this step, we used BLAST [28], which is a common tool for clustering 
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biological sequences, and the rest of the proteins reached 1546 clathrins and 1360 non-clathrins. 

We then divided the data into the cross-validation and independent datasets. In the cross-

validation set, there were 1288 clathrins and 1133 non-clathrins while the corresponding 

numbers in the independent set were 258 and 227, respectively. The details of the dataset used in 

this study are listed in Table 1. 

2.2. Feature extraction for identifying clathrin proteins 

In order to convert the protein secondary structure into feature sets, we applied the PSSM 

matrices for FASTA sequences. A PSSM profile is a matrix represented by all motifs in 

biological sequences in general and protein sequences in particular. It is created by rendering two 

sequences having similar structures with different amino acid compositions. Therefore, PSSM 

profiles have been adopted and used in a number of biological researches, e.g., prediction of 

protein secondary structure [29], RNA-binding sites [30], and dual-tropic HIV-1 [31], with 

significant improvements. 

Since the retrieved dataset was in FASTA format, it needed to be converted into PSSM profiles. 

To perform this task, we used PSI-BLAST [28] to search all the sequence alignments of proteins 

in the non-redundant (NR) database. The feature extraction part of Fig. 1 indicates the 

information of generating the 400 PSSM capabilities from original PSSM profiles. Each element 

of the 400D input vector was divided by the sequence length and then inserted into neural 

networks. 

2.3. 2D convolutional neural network architecture 

We conducted this study using a 2D convolutional neural network, which is a conventional 

neural network for deep learning. 2D CNN had been applied in bioinformatics to identify the 
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protein functions with remarkable results, i.e., electron transport chains [23], Rab GTPases [24], 

cytoskeleton motor proteins [25], and SNARE proteins [32]. The bottom part of Fig. 1 illustrates 

the layer structure of the simplified convolutional neural network. Our deep learning architecture 

was carried out using the Keras library with TensorFlow backend [33]. GPU computing and 

CUDA kernel were also applied to accelerate the performance more efficiently. In general, CNN 

is composed of multiple layers with each layer performing a specific function of transforming its 

input into a useful representation. All layers were combined using a specific ordering to form the 

architecture of our CNN model. As shown in a sequence of studies on this field [23, 24], to 

create an effective model, one should follow the hyperparameter optimization step to find the 

good architecture and parameters. Different problems and datasets need a different set of layers 

and parameters. According to this rule, we performed this process in this study and reported as 

follows. 

2.3.1. Layers 

(1) Input layer: In this study, the input layer parameters were from PSSM profiles converted into 

20x20 matrices. By using these matrices as the input data, we aim to propose a method to 

identify clathrin proteins from a set of general proteins. We assumed the 20x20 matrix to be an 

image of 20x20 pixels so that we could train the 2D CNN model with different weights and 

biases to enhance its predictive performance. The purpose of using a 2D CNN model is to 

capture the hidden features inside the PSSM profiles as opposed to a 1D structure. 

(2) Zero padding layer: In the first few layers of deep neural networks, we would like to preserve 

as many hidden patterns about the original data so we apply the zero padding layers. This layer 

can add rows and columns with zero values at the top, bottom, left and right side of a PSSM 

matrix. When we apply 2x2 strides to a 20x20 matrix, the output volume would be 22x22. The 
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zero padding layer allowed our model to not have different output dimensions after applying 

filters to the input data. 

(3) Convolutional layer: Convolutional layer is the core building block of a CNN to perform 

most of the computational heavy lifting. A convolutional layer is used to extract features 

encoded in the 2D input matrix via convolution operations. The convolutional layer takes a 

sliding window that is moved in stride across the input transforming the values into 

representative values. During this process, convolution operation preserves the spatial 

relationship between numeric values in the PSSM profiles by learning useful features using small 

squares of input data. 

When constructing our model, we applied convolution to the 2D matrices with a 3x3 sliding 

window, the features were learned with the small 3x3 matrices and shifted one unit at a time. 

Each neuron received inputs with the weights and biases from the previous layer and trained 

again. 

(4) Activation layer: the rectified linear unit (ReLU) plays an important role as an activation 

function used during the construction of the CNN to classify clathrin proteins. ReLU is the most 

important activation function for all deep neural networks and became popular in the last few 

years. The ReLU activation function is defined by the formula: 

 ( )     (   )    ( ) 

where, x is the number of inputs in a neural network. 

(5) Pooling layer: The pooling layer is usually inserted among the convolutional layers with the 

aim of reducing the size of matrix calculation for the next convolutional layer. The operation 

performed by this layer is also called “down-sampling” as it removes certain values leading to 
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less computational operations and overfitting control while still preserving the most relevant 

representative features. The pooling layer also takes a sliding window or a certain region that is 

moved in stride across the input matrix transforming the values into representative values. The 

transformation is either performed by taking the maximum value in the window (max pooling), 

or by taking the average of the values (average pooling). In this study, we used a generally 

known design of two pooling strides with 3x3 filters. 

(6) Dropout layer was added to enhance the predictive performance of the present model and 

prevent overfitting [34]. In the dropout layer, the model will randomly deactivate the neurons in 

a layer with certain probability p. If the dropout value is added in a layer, the neural network will 

ignore selected neurons during training, and the training time will be faster. In this study, the 

dropout values ranging from 0 to 1 were used to evaluate our model. 

(7) Flatten layer: Because the output layers require the distribution of all classes as probabilities, 

the flatten layers convert the input matrix into a vector. It is believed that this output can then be 

used in the following layers to generate information. 

(8) Fully connected layer: Subsequently, we see a dense layer which is a regular fully connected 

neural network. In this layer, the classification will be accomplished on the features from the 

convolutional layers and the pooling layers. Including a fully connected layer is a typical 

approach of learning non-linear hybrids of the features. 

(9) Loss function: Because our problem is a binary classification, we used the 

„binary_crossentropy‟ as a loss function. This loss function has been proven effective in a 

number of binary classification problems [23, 32]. 
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(10) Softmax (normalized exponential function): The output of the model was evaluated through 

a softmax function by which the probability for each possible output was determined. Softmax 

function is a logistic function defined by the formula: 

 ( )  
   

∑     
   

     ( ) 

where z in the above formula indicates the input vector with K-dimensional vector, σ(z)j is real 

values in the range (0, 1) and j
th

 class is the predicted probability from sample vector x. In 

summary, we set a total of 374,658 trainable parameters in the model (Table 2). 

2.3.2. Hyperparameters 

Hyperparameters are parameters at the architecture level and differ from the parameters of a 

model trained through backpropagation. The choice of these hyperparameters is governed by a 

number of factors when building a deep learning model. It has a significant impact on the 

model‟s performance. For example, some important hyperparameters that affect the deep 

learning model are: number of convolutional layers, number of filters in each layer, number of 

epochs, the dropout rate, and the optimizers. 

To tune hyperparameters, we need to choose a set of parameters for speeding up the training 

process and prevent overfitting. As suggested by Chollet [33], each step of the above 

hyperparameter-tuning approach was integrated into the hyperparameter-tuning process as 

follows: 

1) Choose a set of hyperparameters. 

2) Build the corresponding model. 
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3) Fit the training data to the model, and measure the final performance on the validation 

dataset. 

4) Try the next set of hyperparameters. 

5) Repeat. 

6) Eventually, measure performance on an independent dataset. 

2.4. Performance evaluation 

The most important purpose of the present study was to predict whether or not a sequence is a 

clathrin protein; therefore, we used “Positive” to define the clathrin protein, and “Negative” to 

define the non-clathrin protein. For each dataset, we first trained the model by applying a 10-fold 

cross-validation technique on the training dataset. Based on the 10-fold cross-validation results, 

hyper-parameter optimization process was employed to find the best model for each dataset. 

Finally, an independent dataset was used to assess the predictive ability of the current model. 

The evaluation metrics used to measure the predictive performance of our model include 

sensitivity, specificity, accuracy, and MCC (Matthews‟s correlation coefficient). We denote TP, 

FP, TN, FN as true positive, false positive, true negative, and false negative, respectively. Then 

the evaluation metrics are defined as follows [35, 36]. 

            
  

     
          ( ) 

            
  

     
          ( ) 

         
     

           
          ( ) 

    
           

√(     )(     )(     )(     )
          ( ) 
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3. Results 

The quality and reliability of the modeling techniques of research is an important factor in the 

study. Initially, we designed an experiment by analyzing data, perform calculations and take 

various comparisons in the results and discussions section. 

3.1. Composition of amino acid in clathrin and non-clathrin sequences 

We analyzed the composition of amino acid in clathrin sequences and non-clathrin sequences by 

computing the frequency between them. Fig. 2 illustrates the amino acids which contributed to 

the significantly highest frequency in two different datasets. We realized that there are not many 

differences between two types of data, however, there were some points here. The amino acid C 

and P occurred at the highest frequencies surrounding the clathrin proteins. On the other hand, 

amino acids L and I occurred at the highest frequencies surrounding the non-clathrin proteins. 

Therefore, these amino acids certainly had an essential role in identifying clathrin proteins. Thus, 

our model might predict clathrin proteins accurately via the special features from these amino 

acids contributions. 

3.2. Performance results for identifying clathrin proteins with 2D CNN 

We implemented our 2D CNN architecture by using Keras package with Tensorflow backend. 

First, we tried to find the optimal setup for the hidden layers by doing experiments using four 

different convolutional layers: 32, 64, 128, and 256. Table 3 demonstrates the performance 

results from various filter numbers in the cross-validation dataset. We easily observed that during 

the 10-fold cross-validation to identify clathrins, the model with structure of 32, 64 and 128 filter 

numbers was prominent, identifying sequences with an average 10-fold cross-validation 

accuracy of 88.4%. The performance results were higher than the performances from the other 
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results with other filter numbers.  The sensitivity, specificity, and MCC for cross-validation data 

achieved 90%, 86.6%, and 0.77, respectively. Therefore, we used this convolutional layer 

structure in the hidden layers to develop our model. We then optimized the neural networks 

using a variety of optimizers: rmsprop, adam, nadam, sgd, and adadelta. The model was 

reinitialized, i.e. a new network was built, after each round of optimization so as to provide a fair 

comparison between the different optimizers. Overall, the performance results are shown in Fig. 

3 and we decided to choose Adam, an optimizer with consistent performance, to create our final 

model. Adam is also an optimizer chosen in similar work in this field [24]. According to Fig. 3, 

we also realized that after the 80
th

 epoch, our validation accuracy could not increase according to 

the training accuracy. Therefore, we determined to finish our training process at the 80
th

 epoch to 

reduce the training time and prevent overfitting. Next, we tuned the other hyperparameters in our 

model (i.e., learning rate, batch size, or dropout rate) to achieve the best performance results for 

this dataset. After this step, all of the optimal hyperparameters can be seen in Table 4. 

Overfitting is the most important concern out of all machine learning problems, which means our 

classifier can only perform well in our training set but worse in another unseen dataset. 

Therefore, we also used an independent test to ensure that our model also performs well in a 

blind dataset. As described in the previous part, our independent dataset contained 258 clathrins 

and 227 non-clathrins. None of these samples had a certain occurrence in the training set. 

Detailed results are shown as two confusion matrices in Fig. 4, in which our independent test 

result was consistent with the cross-validation result. To detail, our model reached the accuracy 

of 91.8%, sensitivity of 92.2%, specificity of 91.2%, and MCC of 0.83 in the independent test. 

Compared with the cross-validation result, the differences are not too much and it can show that 
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our model did not contain much overfitting. Another reason is the use of dropout inside our CNN 

structure and it has been proven effective in preventing overfitting [34]. 

3.3. Additional analysis on the important features of the CNN model 

Deep learning methods have black-box nature and the features go from local to abstract 

hierarchical, therefore, it is hard to detect the important features in our CNN model. However, to 

provide more useful information for readers and biologists, we aimed to use a technique to 

capture the special features in this problem. Because we inputted 20x20 PSSM profiles to our 

CNN architecture, we would like to analyze the significant features in these matrices. We used 

F-score [37], which is a feature selection technique for the purpose of identifying features that 

have the greatest contribution towards improving the outcome of the problem. The idea was to 

find out differences between clathrin and non-clathrin sequences which our model would 

capitalize on to generate better results. Fig. 5 shows the feature maps of the F-scores of all our 

PSSM features, and it can be observed that there were differences between the two datasets. The 

features with the greatest contributions were in amino acids L, M, and P. In addition, some 

motifs in other amino acids had low contributions and these motifs might play the few essential 

roles in deciding the functions of clathrins. In summary, we found that our model might identify 

amino acids L, M, and P as important hidden features and it would be of aid to us to acquire the 

most important features according to the specific proteins and achieve the best result for each of 

them. 

3.4. Comparative performance for identifying clathrins between 2D CNN and shallow 

neural networks 
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We examined the performances of using different machine learning classifiers for identifying 

clathrin proteins. We used four different classifiers (i.e., nearest neighbor (kNN), Random 

Forest, support vector machine (SVM), multi-layer perceptron (MLP) and 1D CNN) to evaluate 

the model and compared our 2D CNN results with their results. For a fair comparison, we used 

the optimal parameters for all the classifiers in all the experiments. Table 5 shows the 

performance results between our method and other machine learning algorithms. It can be seen 

that our 2D CNN exhibited higher performance than those of the other traditional machine 

learning techniques using the same experimental setup. Especially, our 2D CNN outperformed 

other algorithms when using the independent dataset. 

4. Discussion 

In this study, we presented a computational model aimed to classify clathrin proteins' molecular 

functions. We provide biologists with source codes and data for the reproduction of experiments 

and their academic work with a well-assembled protein collection and reliable information on 

clathrin sequences. In addition, our work is important in order to better understand the molecular 

functions of clathrins in the vesicular transport system. While previous publications only 

considered the identification of clathrin proteins using biological experiments [9, 11, 38], our 

study fills a gap in the completion work for clathrin sequences using machine learning 

techniques. Furthermore, it is the first computational study on this data set, which provides 

biologists much useful information to understand clathrins‟ molecular functions and to design 

drug targets according to their relevance in human diseases. 

Furthermore, we were able to serve a profound deep learning architecture that achieves high 

performance in protein sequences. To select the best parameters for efficient optimization, we 

validated the performance via hyper-parameters tuning. The way to treat PSSM profiles as an 
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image and feed into our 2D CNN played a vital role in the classification of clathrins in particular 

and other proteins in general. Our system can be applied to detect hidden information even if 

such information is not known directly within sequences. While most traditional machine 

learning algorithms and previous works in this field [17, 18] could only use PSSM profiles as a 

vector when entering the networks; our findings serve as a different way to treat PSSM features 

and make them to be suitable for CNN networks. Moreover, our two-dimensional CNN model 

uses a number of measurement metrics to outperform alternative approaches [19, 39, 40] at the 

same dataset and level. 

Our approach is totally suitable for real-time systems. For example, we can design a biological 

information retrieval and analysis system based on protein sequences from the internet. 

Moreover, as shown in a series of recent publications in the development of new prediction 

methods [18, 41], user-friendly and publicly accessible web servers will make their contributions 

significantly better. Furthermore, it can be used for developing a smart device that will serve the 

purpose of predicting protein functions according to their sequence information. This smart 

device is able to be developed more to discover human disease variants or mutations based on 

protein functions. From that, biologists can use that information to design drug targets for 

pharmaceutical research. 

Our contributions take this research a step further and open the doors for further research that 

will enrich the computational biology field. The way to treat PSSM profiles as an image is a very 

important advantage that helped CNN performed well. Moreover, the use of GPU computing 

plays an important role in training a deep network with many hyper-parameter tunings inside. 

However, it still bears some limitations and there remains possible approaches to improve the 

proposed methodology in the future. Firstly, a huge number of datasets might increase the 
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performance of deep learning, therefore investigating and retrieving more data is a necessary task 

for improving the performance results. Secondly, future studies could investigate how to input all 

of the PSSM information into CNN networks to avoid as many missing features as possible. 

Thirdly, we want our future to be able to provide a web server for the method of prediction 

presented in this paper. 

5. Conclusion 

In summary, this study approaches an efficient model for identifying clathrin proteins by using 

deep learning. The idea is to transform PSSM profiles into matrices and use them as the input to 

2D CNN architectures. We evaluated the performance of our model, which was developed by 

using a 2D CNN and PSSM profiles, using 10-fold cross-validation and an independent testing 

dataset. Our method produced superior performance, and compared to other state-of-the-art 

neural networks, it achieved a significant improvement in all the typical measurement metrics. 

Using our model, new clathrin proteins can be accurately identified and used for drug 

development. Moreover, the contribution of this study can help further promote the use of 2D 

CNN in biochemical research, especially in protein function prediction. 
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Figure Legends 

Fig. 1. The flowchart for identifying Clathrin proteins using 2D convolutional neural networks 

Fig. 2. Amino acid composition of Clathrin and non-Clathrin sequences 

Fig. 3. The training and validation accuracy of different optimizers in this study (the epoch range 

from 0 to 150). 

Fig. 4. Confusion matrices of: (a) cross-validation test, (b) independent test 

Fig. 5. List of the important features generated by F-score analysis. x-axis: 20 amino acids, y-

axis: F-scores for each amino acid position 
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Tables 

Table 1. Statistics of all retrieved Clathrin and non-Clathrin sequences 

 Original Non-redundancy Cross-validation Independent 

Clathrin 1584 1546 1288 258 

Non-Clathrin 1464 1360 1133 227 

Table 2. All layers and trainable parameters in 2D CNN architecture 

Layer (type) Remarks Output shape Parameters # 

zeropadding2d_1 padding=(2,2) (None, 22, 22, 1) 0 

convolution2d_1 filters=32, kernels=(3,3) (None, 20, 20, 32) 320 

max_pooling2d_1 pool size=(2,2) (None, 20, 10, 16) 0 

zeropadding2d_2 padding=(2,2) (None, 22, 12, 16) 0 

convolution2d_2 filters=64, kernels=(3,3) (None, 20, 10, 64) 9280 

max_pooling2d_2 pool size=(2,2) (None, 20, 5, 32) 0 

zeropadding2d_3 padding=(2,2) (None, 22, 7, 32) 0 

convolution2d_3 filters=128, kernels=(3,3) (None, 20, 5, 128) 36992 

max_pooling2d_3 pool size=(2,2) (None, 20, 2, 64) 0 

flatten_1 flatten (None, 2560) 0 

dropout_1 p=0.2 (None, 2560) 0 

dense_1 units=128 (None, 128)    327808 

dense_2 units=2 (None, 2) 258 

activation_1 softmax (None, 2)   0 
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Table 3. Performance results of identifying Clathrins with different filter numbers 

 Cross-validation Independent 

Filter numbers Sens Spec Acc MCC Sens Spec Acc MCC 

32 91.1 77.5 84.8 0.70 81 85.9 83.3 0.67 

32-64 92.1 79.6 86.2 0.73 94.2 68.7 82.3 0.66 

32-64-128 90 86.6 88.4 0.77 89.5 93.4 91.3 0.83 

32-64-128-256 91 84.9 88.1 0.76 92.6 79.3 86.4 0.73 

Table 4. All of the optimal hyperparameters using in this study 

Hyperparameter Value 

Number of epochs 80 

Learning rate 0.001 

Batch size 10 

Kernel size 3 

Dropout rate 0.2 

Optimizer Adam 

Table 5.  Comparative performance between 2D CNN and other shallow neural networks 

 Cross-validation Independent 

Filters Sens Spec Acc MCC Sens Spec Acc MCC 

kNN 89.6 75.7 83.1 0.66 88.8 73.6 81.6 0.63 

RandomForest 90.9 91.5 91.2 0.82 88.8 91.6 90.1 0.80 

SVM 95.8 84.2 90.4 0.81 96.1 82.8 89.9 0.80 

MLP 88.0 87.0 87.6 0.75 91.9 87.2 89.7 0.79 

1D CNN 84.6 86.2 85.4 0.71 84.5 82.8 83.7 0.67 

2D CNN 91.7 91.6 91.7 0.83 92.2 91.2 91.8 0.83 
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Figures 

Fig. 1. The flowchart for identifying Clathrin proteins using 2D convolutional neural networks 
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Fig. 2. Amino acid composition of Clathrin and non-Clathrin sequences 
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Fig. 3. The training and validation accuracy of different optimizers in this study (the epoch range 

from 0 to 150). 

 

 

Fig. 4. Confusion matrices of: (a) cross-validation test, (b) independent test 
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Fig. 5. List of the important features generated by F-score analysis. x-axis: 20 amino acids, y-

axis: F-scores for each amino acid position. 
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