
International Journal on Bioinformatics & Biosciences (IJBB) Vol 14, No.3, September 2024 

DOI:10.5121/ijbb.2024.14308                                                                                                                      66 

 

 
WASSERSTEIN GENERATIVE ADVERSARIAL 

NETWORKS FOR BACTERIAL HEMOGLOBIN-LIKE 

PROTEINS PREDICTION  
 

Soumiya Hamena 
 

Department of Computer Science and its Applications, Faculty of NTIC,  

Constantine2 University, Abdelhamid Mehri, Constantine, Algeria 
 

ABSTRACT 
 
In the event of decreased oxygen or oxidative and nitrosative stress, bacteria express three distinct 

structures of hemoglobin proteins which are flavohemoglobins (FlavoHb), truncated hemoglobins 

(TruncHb) and single domain hemoglobin proteins (SingHb). These proteins were expressed in different 

heterologous hosts and have been shown to enhance growth and productivity, making them attractive to 

scientific researchers. At present, only a small number of bacterial hemoglobin-Like proteins have been 

experimentally annotated. Therefore, it is beneficial to develop a data augmentation method capable of 

generating high quality of new synthetic sequences. Hence, we propose in this study a model that combines 

Wasserstein Generative Adversarial Network (WGAN) to generate novel bacteria hemoglobins sequences 

and Support Vector Machine (SVM) method to predict and classify these proteins. The performance 

measure comparison of the proposed model with the existing method by the fivefold cross-validation 
technique has demonstrated the efficiency and the effectiveness of our model. The experiment results were 

obtained with the evaluation metrics scores of Accuracy (Acc), Precision, Recall, F1_score, Cohen’s 

Kappa (Kappa) and Matthews Correlation Coefficient (Mcc). Further, we have also plotted the learning 

and Receiver Operating Characteristic (Roc) curves. All experimental results indicate that the proposed 

model outperforms the existing method. 
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1. INTRODUCTION 

 
The hemoglobin protein was long thought to be reserved for mammals, but recent results indicate 

that this proteins is found almost everywhere in mammals, vertebrates, plants and bacteria (1-2). 
The function of hemoglobins has arguably become the transport and the storage of oxygen only 

in complex multicellular organisms (3-4). However, in unicellular organisms and invertebrates, 

the transport and the physiological diffusion of oxygen is less important than protection from the 

toxic effects of carbon dioxide and nitrogen oxide (5-6). In response to the reduction of oxygen or 
oxidative and nitrosative stress, bacteria express based on their structure three categories of 

hemoglobin proteins which are FlavoHb, TruncHb and SingHb (7). Indeed, the first hemoglobin 

discovered in bacteria was isolated from Vitreoscilla stercoraria (VHb) (8). Further experiments 
showed that the effects of VHb were not only impacted enhancements in growth, but also 

improved protein productions (9-11). Thus, this knowledge can be applied to enhance the 

metabolism of antibiotic-producing strains and a myriad of microorganisms (12-13).At present, 
only a very small and limited number of bacterial hemoglobins encoding genes have been 

experimentally validated and several of these proteins that could potentially be used in 
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biotechnology production process to enhance cell growth and metabolic properties remain 
unidentified. Therefore, hemoglobin biosynthesis has become an interesting solution to meet the 

growing demands and overcome the disadvantages of chemical extraction (14). Recently, 

different microorganisms using metabolic engineering and synthetic biology have synthesized 

many hemoglobins (15). However, the currents strategies have been applied for a limited amount 
of hemoglobin, which has led to a slow progression in hemoglobin production. 

  

In this context, Deep Learning, and specially Generative Adversarial Networks (GANs), have 
great potential to improve and accelerate the discovery of unknown proteins function without the 

need for a detailed model of the underlying physics or biological pathways(16-22). GANs are a 

deep learning architecture for training strong generative models, which have the ability to learn 
and generate new artificial samples that come from an existing distribution of samples (23). 

GANs are an emerging technique allowing us deep representations without the need for important 

annotated training data. Indeed, GANs have been widely applied and have enabled significant 

advancements and excellent performance in many fields such as semantic image editing, style 
transfer, image synthesis, image super-resolution, classification, cyber security, biomedical 

informatics and many more (24-30). Recently, GAN has been proposed to protein function 

prediction by discovering gene ontology term correlations (31). Moreover, a novel method 
FFPred-GAN has been successfully applied for learning accurately the high dimensional 

distributions of protein sequence based biophysical features (32). GAN has been also used in 

protein contact map refinement for improving structure prediction and has achieved an extra gain 
in contact prediction accuracy (33). A novel data augmentation algorithm ProGAN was 

developed to improve the prediction of protein solubility (34). In addition, another study was 

presented to enhance performance in protein classification using synthetic image augmentation 

with GAN (35). As well, GAN was applied to define correlations between genes, diseases and 
drugs using biomedical abstracts (36). 

 

Moreover, the Wasserstein generative adversarial network (WGAN) is an extension of GAN, 
which enhances the stability during model training and provides a loss function correlating with 

the quality of samples generated (37-38). Indeed, WGAN has received a lot of attention and are 

currently widely used for many modern machine-learning applications, as it showed good 

potential in generating artificial data that is close to real world data. WGAN was used for the 
design of Mont Carlo simulations (39). As well, WGAN was applied for a panchromatic image 

super-resolution (40). Also, WGAN has been proposed to a data-driven event generator for 

Hadron Colliders (41).WGAN was moreover employed for data augmentation in fault diagnosis 
with gradient penalty (42). Nevertheless, only a limited number of projects have been completed 

based on WGAN for the protein function prediction. De novo protein design for new folds was 

developed to overcome training difficulties and improve design qualities, this model that uses 
WGAN discovers an unexplored  sequence area to design proteins by analyzing generalizable 

properties on the basis of available informations on sequence structure (43). As well, a new 

multi-classification machine-learning pipeline (MultiLyGAN) was developed to predict and 

analysis multiple protein lysine modified sites (44). In addition, a method has been introduced to 
generate new synthetic protein sequences from antibiotic resistance genes using WGAN (45).In 

addition, a novel feedback-loop architecture (FBGAN) was applied to generate new genes coding 

for antimicrobial peptides and optimize synthetic genes for  secondary structure of generated 
peptides(46). Further, a novel study demonstrates that WGAN strikes a good balance and manage 

to capture both local and distal patterns of protein tertiary structures (47). Moreover, 

ProteinSeqGAN is a model that has been developed to generate bio-informed protein sequences 
for predicting multiclass virus mutation (48). 

 

Given the importance of bacterial hemoglobin proteins in biotechnology process, the current 

study is carried out to improve the prediction performance of these proteins. In this regard, the 
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key idea behind this work is to study the effect of using WGAN to achieve better prediction and 
classification of bacterial hemoglobin-like proteins. To the best of our knowledge,  BacHbpred is 

the first and only framework proposed to address this problem based on support vector machine 

(SVM) methods by using amino acid composition (AC), dipeptide composition (DC), hybrid 

method (AC-DC), position specific scoring matrix (PSSM) and max to min amino acid residue 
profiles (MM)(49).The experimental results obtained by BacHbpred have shown that the hybrid 

method, which combines AC and DC compositions, has allowed a better prediction, the reason 

for which we investigate the use of it to describe a protein sequences. In this context, we propose 
an approach that combines WGAN and SVM methods to predict firstly bacterial hemoglobin 

from no-bacterial hemoglobin proteins and to determine secondly the class of the sequences 

predicted as bacterial hemoglobin proteins to be whether FlavoHb, TruncHb or SingHb. In this 
study, we developed WGAN to synthesize novel sequences of bacterial hemoglobin proteins. 

Then, we applied SVM method for predicting and classifying the sequences. In fact, we used 

SVM method as a classifier to analyze and demonstrate the performance of our proposed model 

by comparing it with BacHbpred. 
 

This manuscript is organized into six sections. The first section is the introduction. The second 

section explains the different material and methods applied in this study. The third section 
describes the proposed approach. The fourth section shows the techniques employed to evaluate 

our approach. The fifth section presents the experimental results and finally a conclusion. 

 

2. MATERIAL AND METHODS 
 

In this section, we describe firstly the dataset used in this study. Then, we present a feature 

descriptor methods applied to represent protein sequences. Finally, we introduce the different 

techniques developed in this work, which are WGAN, Multi-Layer Perceptron, and SVM. 
 

2.1. Dataset 

 
The dataset used to demonstrate the power of our proposed approach that consists of protein 

sequences in the standard format FASTA, was collected from UniProt/Swiss-Prot (50). This 
dataset contains 139 sequences of bacterial hemoglobin proteins. In addition, 197 sequences of 

no-bacterial hemoglobin proteins were retrieved randomly. The bacterial hemoglobin proteins 

contain three different classes distributed as follows: 71 FlavoHb, 36 TruncHb and 32 SingHb. 

 

2.2. Feature Representation Method 
 
Several feature extraction methods can be used to describe and represent a protein from amino 

acid sequences, for predicting the structural, functional and interaction profiles of proteins to 

assist in the annotation of proteomic data (51-53). Amino acid and dipeptide composition have 

been widely employed successfully for this task (54-56). Indeed, a protein sequence composed of 
N amino acid residues that can be represented by the set {A1, A2, A3,…, An}, where Ai is the 

amino acid at the i-th position in the sequence of protein. We denote in the following the position 

of an amino acid by i and j, and its type by r and s. In fact, amino acid composition (AC) is the 
most popular and simplest method to describe protein sequences, which is defined as the portion 

of each amino acid type in a protein sequence (57). The fractions of the 20 amino acid are 

calculated as follows: 

 

𝑓(𝑟) =
𝑁𝑟

𝑁
, 𝑟 = 1,2, … ,20      (𝟏) 

 



International Journal on Bioinformatics & Biosciences (IJBB) Vol 14, No.3, September 2024 

69 

The dipeptide composition (DC) is a feature extraction method that considers neighbourhood 
information or sequence order (58). This later is defined as follows: 

𝑓(𝑟, 𝑠) =
𝑁𝑟𝑠

𝑁 − 1
, 𝑟, 𝑠 = 1,2, … ,20   (𝟐) 

 

Where, Nrs define the number of dipeptide described by AC type r and s. thus, the DC represents 

400 descriptor values that are calculated for the 20×20 AC combinations.  

 

2.3. Multi-Layer Perceptron (MLP) 
 
MLP is a form of Artificial Neural Networks (ANNs)(59).ANNs are a powerful machine learning 

techniques that originated from the idea of simulating the human brain(60). These techniques 

have been applied to solve several complex real-world problems and have been fruitfully applied 
to the study of neuroscientific questions (61-63). Indeed, ANN is a supervised learning system 

composed of a set of nodes interconnected. A node can make a decision and transfer  it to the 

other nodes. Each node j receives input values xi  associated with weights wj that evaluate the 

importance of the inputs and generates an output that can be transferred to other nodes. Then, the 
transfer function sums the responses and sends the signal to the activation function. Thus, the 

output is determined based on the threshold of the activation function. In a simpler way, the 

transfer function computes the weighted sum of the inputs by adding a threshold bj. The 
activation equation is defined as follows: 

 

𝑡𝑗 = ∑ 𝑥𝑖 𝑤𝑖,𝑗 + 𝑏𝑗    (𝟑) 

 

Next, an activation function is used to produce the output value yj. The different types of nodes 

are distinguished by the nature of their activation functions such as sigmoid, tanh, relu and 

softmax. Further, MLP consists of an input layer, one or multiple hidden layers and an output 
layer. Further, MLPs with more than one hidden layer are called Deep Neural Networks (DNNs). 

The learning is performed by minimizing the loss function by adjusting the parameters w and b of 

the model. The most used techniques for parameters learning are stochastic gradient descend 
(SGD)(64), Root Mean Square Propagation (RMSProp)(65), Adaptive Gradient Algorithm 

(AdaGrad) (66) and Adam (67). 

 

2.4. WGAN 

 
The WGAN is an additive to the GAN that reinforces model stability of the training and provides 

a loss function, which is related to the quality of the generated samples. GANs are a strong 

extension of deep neural networks architectures, which consist of two opposing neural networks, 

the generator and the discriminator models. The generator creates new samples from the domain, 
and the discriminator distinguishes the samples to determine if they are real or fake. Indeed, the 

discriminator model performance is employed to update the weights of the discriminator model 

itself and the generator model, which means that the generator does not see examples in the 
domain and is updated according to the discriminator performance. The generator and the 

discriminator model are denoted G and D, respectively. In fact, the training of GANs includes 

determining the parameters of D that maximize its accuracy classification and determining the 

parameters of G that make D as confusing as possible and make it incapable to differentiate 
between real and fake samples. Thus, the cost of training depends on G and D, which involves 

finding: 𝑚𝑎𝑥𝐷𝑚𝑖𝑛𝐺𝑉(𝐺, 𝐷), where 

 
𝑉(𝐺, 𝐷) =  𝐸𝑝𝑑𝑎𝑡𝑎(𝑥)

log 𝐷(𝑥) + 𝐸𝑝𝑔(𝑥)
   (𝟒) 
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E denotes the expectation operator. pdata(x) represents the probability density function of data 
distribution space. pg(x) denotes the distribution of the data produced by G. The WGAN 

architecture replaces the Jensen-Shannon divergence from the original GAN with the Wasserstein 

distance or also known as the Earth Mover distance. The Wasserstein distance is the minimal cost 

of moving or converging the model distribution to the real distribution. 
 

𝑚𝑎𝑥𝑑∈𝐷𝑚𝑖𝑛𝐺𝐸𝑝𝑑𝑎𝑡𝑎(𝑥)
[𝑑(𝑥)] − 𝐸𝑝𝑔(𝑥)

[𝑑(𝑥)]   (𝟓) 

 

Moreover, the main idea of the WGAN model is to apply the Wasserstein distance to allow the 

discriminator to predict a score of how real or fake an input sample. Thus, the task of the 
discriminator changes by becoming a critic to decide the realness or the fakeness of a sample, 

where the difference between the scores is as high as possible. 

 

2.5. SVM 
 

The Support Vector Machine (SVM) is a popular supervised machine-learning technique that can 
be applied for both classification and regression problems (68). This technique has been applied 

extensively for solving a wide range of challenges in bioinformatics, and in particular for the 

prediction of protein function (69-74). In the SVM algorithm, samples labelled positives or 

negatives are projected into high dimensional feature space using a kernel, and the hyper-plane in 
the feature space is optimized to maximize the margin of positive and negative samples. Given a 

training dataset of labelled samples pairs {xi, yi}, i=1, 2,…, N, where xi are the feature vectors or 

input data and yi {+1, -1} are the output label. The classification decision function developed by 

SVM is denoted as follows: 
 

𝛾(𝑥) = 𝑠𝑖𝑔𝑛 [∑ 𝛾𝑖𝛼𝑖 . 𝐾(𝑥, 𝑥𝑖) + 𝑏

𝑁

𝑖=1

]   (6) 

 

Where 𝛼𝑖  is obtained by solving the quadratic programming problem denoted as follows: 

 

𝑚𝑎𝑥 ∑ 𝛼𝑖

𝑁

𝑖=1

−
1

2
∑ ∑ 𝛼𝑖𝛼𝑗

𝑁

𝑗=1

𝑁

𝑖=1

. 𝛾𝑖𝛾𝑗 . 𝐾(𝑥𝑖 , 𝑥𝑗)   (7) 

 
Where 0 ≤ 𝛼𝑖 ≤ 𝐶 

 

∑ 𝛼𝑖

𝑁

𝑖=1

𝛾𝑖 = 0, 𝑖 = 1,2, . . , 𝑁   (8) 

 

Where xi is named support vector, only if the corresponding 𝛼𝑗 > 0 , C is a regularization 

parameter that adjust the regulation between margin and classification error.  

 

𝐾(𝑥𝑖 , 𝑥𝑗) = exp (−𝛾‖𝑥𝑖 − 𝑥𝑗‖
2

), referred to the Radial Basis Functions (RBF) kernel, has a better 

response to the limits where a most high dimensional data are approximated by Gaussian-like 
distributions (75-76). 

 

3. PROPOSED MODEL 
 

In order to solve the problem of the lack of annotated bacterial hemoglobin-like proteins, we 
propose in this work a classifier model that combines WGAN and SVM. The overall workflow of 
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our proposed approach can be observed in Figure1.Indeed, we considered mainly two tasks: the 
first one consists of generating new bacterial hemoglobin sequences using WGAN, to enhance 

the training data. The second one consists of predicting the bacterial hemoglobin sequences, then 

determining the class of the sequences predicted to be whether FlavoHb, TruncHb or SingHb. As 

can be seen, a data collection process is performed firstly for gathering sequences from 
UniProt/Swiss-Prot database. Secondly, a feature extraction stage follows to generate the 

descriptors applied in this study, which are the compositions AC and DC. In fact, the set of the 

proposed features was derived by applying the web server ProtrWeb, which is a very 
comprehensive, flexible and integrated toolkit for protein sequences extracted structural and 

physiochemical descriptor computation (77). Overall, 420 dimensional features were obtained by 

combining AC and DC descriptors. Then, WGAN is applied to enhance the data of the original 
training sequences by generating a large number of simulated samples. The fact that WGAN 

allows high quality results to be obtained without adjustment hyperparameters, make it a 

promising solution to many problems. Further, the sequences mixed by the original sequences 

and the synthetic sequences, are used to train the classifier based on SVM method. 
 

The critic model is implemented as a fully connected MLP where it takes as input the set of 

features extracted and outputs a score for the realness or fakeness of the protein sequence. The 
rectified Linear Unit (RELU) activation function is applied to activate the hidden layer, which is 

defined as follows (78): 

 

𝑓𝑅𝐸𝐿𝑈(𝑥) = max(0, 𝑥)   (9) 
 

Then, we employed the batch normalization technique for improving the speed, performance and 

stability of the model by normalizing the input layer, where the activations are adjusting and 
scaling (79). Next, the weighted outputs of the hidden layer are applied as input into the 

hyperbolic tangent (tanh) activation function in the output layer (80). 

 

𝑓𝑡𝑎𝑛ℎ(𝑥) =
2

1 + 𝑒−2𝑥
− 1    (10) 

 

In addition, the critic model uses the weight constraint to reduce model weights after each mini-

batch updates between [-0.01, 0.01]. Finally, the critic model is optimized using the Wasserstein 
distance function, and the RMSProp optimizer with a learning rate of 0.00005. 

 

Moreover, the generator model is implemented also as a fully connected MLP network. It takes 

as input a point in latent space and outputs the set of the proposed features. RELU activation 
function is also is used to activate the hidden units and the batch normalization is applied. The 

output layer is worked using the tanh function. Then, a WGAN model is achieved by combining 

both the generator and the critic model into one larger model, which takes as input a point in the 
latent space, specifically Gaussian distributed random variables which is described as 

follows(81): 

 

𝑝(𝑥) =
1

√2𝜋
𝑒−𝑥2 2⁄    (11) 

 
Then, it generates a new protein sequence using the generator that is fed then as input to the critic 

model, which next scoring it as real or fake. The model is optimized using RMSProp optimizer 

with the Wasserstein loss function. Furthermore, in the WGAN model, the critic model is updated 

more than the generator model. Thus, a hyperparameter named n_critic, which is used to control 
the number of times that the critic model is updated for each update of the generator model, is set 

to five. 
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Finally, SVM method is developed as a classifier to predict if the given protein sequence is 
bacterialHb or no-bacterialHb, where the input is composed of both the original sequences and 

the generated sequences by the proposed mode. Then, if the protein sequence is predicted as 

bacterialHb, it will put in another model, which will classify it into one of the three sub-classes: 

FlavoHb, TruncHb or SingHb.In fact, SVM methods are configured using the same 

hyperparameters of BacHbpred, which are:γ = 0.1, C = 375, for predicting bacterialHb. γ =
1, C = 150,  for both FlavoHb and TruncHb classification. γ = 0.1, C = 350, for SingHb 

classification. 

 

 
 

Figure 1.Workflow of the proposed approach 

 

4. MODEL EVALUATION  
 

To train and test our proposed model, we have divided our data into 80% for training using five-
fold cross validation technique and 20% for testing. Moreover, in order to evaluate the prediction 

and the classification performance we have employed the score measurements of Accuracy 

(Acc), Precision, Recall, F1_score, Cohen Kappa (Kappa)and Matthews Correlation Coefficient 

(Mcc)(82), which their formulas are described as follows: 
 

𝐴𝑐𝑐 =
𝑇𝑃 + 𝑇𝑁

𝑇𝑃 + 𝐹𝑁 + 𝐹𝑃 + 𝑇𝑁
    (12) 

 

Where, TP is the number of real data of the positive class, which the model predicts correctly. TN 

is the number of real data of the negative class, which the model predicts correctly. FN is the 
number of real data of the negative class, which the model incorrectly predicts and FP is the 

number of real data of the positive class, which the model incorrectly predicts.  

 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =
𝑇𝑃

𝑇𝑃 + 𝐹𝑃
   (13) 



International Journal on Bioinformatics & Biosciences (IJBB) Vol 14, No.3, September 2024 

73 

𝑅𝑒𝑐𝑎𝑙𝑙 (𝑆𝑒𝑛𝑠𝑖𝑡𝑖𝑣𝑖𝑡𝑦) =
𝑇𝑃

𝑇𝑃 + 𝐹𝑁
  (14) 

𝑆𝑝𝑒𝑐𝑖𝑓𝑖𝑐𝑖𝑡𝑦 =
𝑇𝑁

𝑇𝑁 + 𝐹𝑃
   (15) 

𝐹1𝑠𝑐𝑜𝑟𝑒 = 2 ×
𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 × 𝑅𝑒𝑐𝑎𝑙𝑙

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 + 𝑅𝑒𝑐𝑎𝑙𝑙
  (16) 

𝐾𝑎𝑝𝑝𝑎 =
𝐴𝑐𝑐 − 𝑃𝑒

1 − 𝑃𝑒

   (17) 

 

Where Pe presents the random accuracy or the hypothetical probability of chance agreement to 

estimate the probabilities of randomly choose each class, which is defined as (83): 

 

𝑃𝑒 =
((𝐹𝑃 + 𝑇𝑁) × (𝑇𝑁 + 𝐹𝑁) × (𝐹𝑁 + 𝑇𝑃) × (𝐹𝑃 + 𝑇𝑃))

(𝑇𝑁 + 𝑇𝑃 + 𝐹𝑁 + 𝐹𝑃)2
   (18) 

𝑀𝑐𝑐 =
(𝑇𝑃 × 𝑇𝑁) − (𝐹𝑃 × 𝐹𝑁)

√(𝑇𝑃 + 𝐹𝑁) × (𝑇𝑃 + 𝐹𝑃) × (𝑇𝑁 + 𝐹𝑃) × (𝑇𝑁 + 𝐹𝑁)
   (19) 

 

5. RESULTS AND DISCUSSION  
 
The proposed models were implemented in Python where the sequential model of Keras package 

with Theano backend was used to develop the WGAN model. In addition, we have selected a 

subset of 100 sequences that belong to the bacterial hemoglobin proteins class. Then, the model 
was fit for 10 training epochs and we have used a batch size of 20 sequences for all experiments. 

Thus, each training epoch includes 139/20, or about 6 batches of real and fake sequences, which 

are updated to the model. Therefore, the model was trained for 10 epochs of 6 batches, or 60 

iterations. Indeed, we have created the line plots of the loss for real and fake sequences, as the 
loss for the generator for each model update. See Figure2 for details. As we can see, the loss 

value correlates with the generated sequences quality after a few epochs training.  

 

 
 

Figure 2. Line plots of loss for WGAN to BacterialHb prediction 

 

Furthermore, we have applied the SVM classifier that is training using the mixed sequences or 

the original and the generated sequences (84). In addition, to achieve a comparative study, we 

have applied the SVM method on the original used dataset. The detailed results, which include 
the scores of Acc, Precision, Recall, F1_score, Kappa and Mcc for each fold, are listed in Table1.  
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Table 1.  .  Performance comparison of Bacterial Hemoglobin prediction. 

 

  Acc Precision Recall F1_score Kappa Mcc 

SVM Fold1 0.8971 1.0000 0.8000 0.8888 0.7952 0.8124 

Fold2 0.9265 1.0000 0.8148 0.8980 0.8414 0.8522 

Fold3 0.8971 0.9474 0.7500 0.8372 0.7634 0.7746 

Fold4 0.9118 1.0000 0.7931 0.8846 0.8147 0.8291 

Fold5 0.8971 1.0000 0.8000 0.8888 0.7952 0.8124 

Mean 0.9059 0.9895 0.7916 0.8795 0.8020 0.8161 

WGAN-

SVM 

Fold1 0.9318 1.0000 0.8888 0.9412 0.8608 0.8692 

Fold2 0.9432 1.0000 0.8810 0.9367 0.8855 0.8914 

Fold3 0.8977 1.0000 0.8269 0.9053 0.7963 0.8134 

Fold4 0.9205 1.0000 0.8654 0.9278 0.8402 0.8512 

Fold5 0.9432 1.0000 0.9000 0.9474 0.8860 0.8918 

Mean 0.9273 1.0000 0.8724 0.9317 0.8538 0.8634 

 
As shown in Table1, our proposed model WGAN-SVM achieved the best performance, where 

the Acc increases from 0.9059 to 0.9273. The Precision increases from 0.9895 to 1.0000. The 

Recall increases from 0.7916 to 0.8724.The F1_score increases from 0.8795 to 0.9317. The 
Kappa score increases from 0.8020 to 0.8538 and the Mcc increases from 0.8161 to 0.8634, 

which demonstrates the power and the effectiveness of the proposed WGAN model for 

synthesizing new bacterial hemoglobin proteins to improve the prediction performance process. 
  

Furthermore, we have plotted the learning curves of both the proposed WGAN-SVM and SVM 

method. As shown in Figure3, in the first row, the learning curves of our proposed WGAN-SVM 

outperforms the SVM method for both the training and the cross-validation scores. We note that 
the learning curves of SVM method decrease at the end. However, the training curve of our 

proposed WGAN-SVM still around the maximum and the cross-validation score could be 

increased with more training sequences. In the second row, the plots illustrate the time required 
by the models for training process with various sizes of training sequences. Finally, in the third 

row, the plots display the time taken to train the models for each training sizes.  

 

 
Figure 3.Plot of Learning curves performance comparison of bacterial hemoglobin prediction 

In addition, we have plotted the area under the ROC (Receiver Operating Characteristic) or ROC 
AUC curves for both models. ROC curves summarize the trade-off between the true positive rate 
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(Sensitivity) and the false positive rate (1-Specificity) for the predictive model. As illustrated in 
Figure 4, our proposed WGAN-SVM model outperforms SVM method, where have obtained a 

ROC AUC of 0.9318. 

 

 
 

Figure 4. ROC curves performance comparison of bacterial hemoglobin prediction 

 

Next, three additional WGAN-SVM models were developed to classify the bacterial hemoglobin 

proteins in each of the three subclasses, which are FlavoHb, TruncHb and SingHb. For the 
FlavoHb class, we have selected randomly 50 sequences where the model was fit for 10 training. 

For the TruncHb class, we have selected randomly 20 sequences and the model was fit for 75 

training epochs. We have randomly also selected 15 SingHb sequences, where the model was fit 
for 100 epochs. The line plots of the loss for real and fake FlavoHb, TruncHb and SingHb 

classes, as the loss for the generator for each model update, are illustrated in Figure 5, 

respectively.   
 

 
 

 Figure 5.  Line plots of loss for WGAN of FlavoHb, TruncHb and SingHb classification,  
respectively 

 

Moreover, we have also achieved a comparative study for the classification tasks of FlavoHb, 

TruncHb and SingHb, respectively. The results obtained are listed in Table2. As we can see, our 
proposed WGAN-SVM outperforms the SVM method, where it achieved the Acc of 0.9897, the 

Precision of  1.0000, the Recall of 0.9695, the F1_score of 0.9844, the Kappa of  0.9766 and the 

Mcc of 0.9769 for FlavoHb classification. For TruncHb classification, our proposed model 
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achieved the Acc of 0.9611, the Precision of 1.0000, the Recall of 0.7239, the F1_score of 
0.8238, the Kappa of 0.8041 and the Mcc of 0.8257. Finally, WGAN-SVM achieved the Acc of 

0.9465, the Precision of 0.6694, the Recall of 0.9206, the F1_score of 0.7619, the Kappa of 

0.7334 and the Mcc of 0.7527 for SingHb classification.  

 
Table 2.  Performance comparison of bacterial hemoglobin classification. 

 

   Acc Precision Recall F1_score Kappa Mcc 

F
la

v
o
H

b
 

SVM Fold1 0.9853 1.0000 0.9500 0.9744 0.9641 0.9647 

Fold2 1.0000 1.0000 1.0000 1.0000 1.0000 1.0000 

Fold3 0.9853 1.0000 0.9333 0.9655 0.9562 0.9571 

Fold4 0.9853 1.0000 0.9167 0.9565 0.9477 0.9490 

Fold5 0.9706 1.0000 0.9091 0.9524 0.9312 0.9333 

Mean 0.9853 1.0000 0.9418 0.9698 0.9598 0.9608 

WGAN-

SVM 

Fold1 0.9872 1.0000 0.9565 0.9778 0.9688 0.9692 

Fold2 1.0000 1.0000 1.0000 1.0000 1.0000 1.0000 

Fold3 0.9872 1.0000 0.9714 0.9855 0.9740 0.9743 

Fold4 0.9872 1.0000 0.9630 0.9811 0.9714 0.9718 

Fold5 0.9872 1.0000 0.9565 0.9778 0.9688 0.9692 

Mean 0.9897 1.0000 0.9695 0.9844 0.9766 0.9769 

T
r
u

n
c
H

b
 

SVM Fold1 0.9118 1.0000 0.3333 0.5000 0.4646 0.5501 

Fold2 0.9706 1.0000 0.6667 0.8000 0.7848 0.8036 

Fold3 0.9706 1.0000 0.6000 0.7500 0.7354 0.7626 

Fold4 0.9265 1.0000 0.5000 0.6667 0.6304 0.6785 

Fold5 0.9559 1.0000 0.5714 0.7273 0.7052 0.7380 

Mean 0.9471 1.0000 0.5343 0.6888 0.6641 0.7065 

WGAN-

SVM 

Fold1 0.9167 1.0000 0.4000 0.5714 0.5345 0.6039 

Fold2 0.9861 1.0000 0.9333 0.9655 0.9568 0.9577 

Fold3 0.9861 1.0000 0.9000 0.9474 0.9394 0.9411 

Fold4 0.9722 1.0000 0.7500 0.8571 0.8421 0.8528 

Fold5 0.9444 1.0000 0.6364 0.7778 0.7478 0.7728 

Mean 0.9611 1.0000 0.7239 0.8238 0.8041 0.8257 

S
in

g
H

b
 

SVM Fold1 0.9118 0.5000 1.0000 0.6667 0.6222 0.6720 

Fold2 0.9559 0.7143 0.8333 0.7692 0.7450 0.7477 

Fold3 0.9412 0.5000 1.0000 0.6667 0.6383 0.6847 

Fold4 0.9265 0.5833 1.0000 0.7368 0.6975 0.7318 

Fold5 0.9412 0.6000 1.0000 0.7500 0.7190 0.7492 

Mean 0.9353 0.5795 0.9667 0.7179 0.6844 0.7171 

WGAN-

SVM 

Fold1 0.9296 0.6667 0.8889 07619 0.7216 0.7319 

Fold2 0.9296 0.5000 1.0000 0.6667 0.6321 0.6798 

Fold3 1.000 1.0000 1.0000 1.0000 1.0000 1.0000 

Fold4 0.9296 0.6250 0.7143 0.6667 0.6275 0.6292 

Fold5 0.9437 0.5556 1.0000 0.7143 0.6858 0.7224 

Mean 0.9465 0.6694 0.9206 0.7619 0.7334 0.7527 

 

Next, we have plotted the learning curves of each classification models. As we can see in Figure 
6 that presents the learning curves of the FlavoHb classification, the cross-validation score of our 

proposed model WGAN-SVM could be increased with more training sequences. However, we 

can see clearly that the validation score of the SVM method decreased at the end. The training 

score of both models is high at the beginning and still around the maximum.  
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Figure 6.plot of  Learning curves performance comparison of FlavoHb classification 

 

Moreover, the ROC curves demonstrate also that our proposed model achieved the best mean 
with ROC AUC of 0.9798. 

 

 
Figure 7.ROC curves performance comparison of FlavoHb classification. 

 
Figure 8 illustrates the learning curves of TruncHb classification performance comparison. As we 

can see, the cross-validation score of our proposed model outperforms the SVM method at the 

beginning and increases at the end.  
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Figure 8. plot of Learning curves performance comparison of TruncHb classification 

 

Figure 9 shows the performance comparison of TruncHb classification where our proposed 
model achieved the best results with mean ROC AUC of 0.8583.   

 

 
 

Figure 9. ROC curves performance comparison of TruncHb classification 

 
In addition, Figure 10 illustrates the learning curves of performance comparison of SingHb 

classification. We can see clearly that our proposed model achieve the best validation score at the 

beginning and the end of training sequences.   
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Figure 10. Plot of  Learning curves performance comparison of SingHb classification 

 

In addition, we can see in Figure 11 that our proposed model WGAN-SVM has the highest 
results where we have obtained a mean ROC AUC of 0.7912.  

 

 
 

Figure 11.ROC curves performance comparison of SingHb classification 

 

6. CONCLUSION 
 
This paper proposes a model for bacterial hemoglobin proteins prediction and classification. This 

model combines Wasserstein Generative Adversarial Network (WGAN) and Support Vector 

Machine (SVM). In this study, we have shown the potential benefit of applying WGAN to 

generate high quality synthetic protein sequences for enhancing the capacity of a classifier on 
limited number of training samples. With the power of WGAN as an augmentation data method, 

there are vast opportunities for new applications to not only solve the problem of limited training 

data, but also to address the effects of balancing on the dataset.  
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