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Abstract: It is vital for the annotation of uncharacterized proteins by protein function prediction. At 

present, Deep Neural Network based protein function prediction is mainly carried out for dataset of 

small scale proteins or Gene Ontology, and usually explore the relationships between single protein 

feature and function tags. The practical methods for large-scale multi-features protein prediction still 

need to be studied in depth. This paper proposes a DNN based protein function prediction approach 

IGP-DNN. This method uses Grasshopper Optimization Algorithm (GOA) and Intuitionistic Fuzzy c-

Means clustering (IFCM) based protein function modules extracting algorithm to extract the features 

of protein modules, utilizing Kernel Principal Component Analysis (KPCA) method to reduce the 

dimensionality of the protein attribute information, and integrating module features and attribute 

features. Inputting integrated data into DNN through multiple hidden layers to classify proteins and 

predict protein functions. In the experiments, the F-measure value of IGP-DNN on the DIP dataset 

reaches 0.4436, which shows better performance. 

Keywords: protein function prediction; protein-protein Interaction(PPI); DEEP Neural Network(DNN); 

Kernel Principal Component Analysis(KPCA); Grasshopper Optimization Algorithm(GOA) 

 

1. Introduction  

Protein function prediction is a classification problem of multiple labels that fills up the gap 

between a large number of protein sequences and known functions. The prediction is a challenging 
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research direction in biology and plays an important role in grasping the tissues and functions of the 

biological system [1]. Traditional biology experiments predict protein functions by extracting useful 

information from protein sequences. However, these approaches have a slow speed and high cost. On 

the contrary, computational methods are widely used in protein function prediction because of their 

low cost and ease of implementation [2]. 

Protein functions are mainly predicted by using protein features, including amino acid 

sequence [2,3], 3-D protein structure [4], protein-protein interaction (PPI) network [5] and the other 

molecular and functions [6,7]. Machine learning, which is widely used to predict protein function, uses 

features extracted from protein properties to train classification models, such as Artificial Neural 

Networks (ANNs) [8–10]. Deep Neural Network (DNN) is a subclass of ANNs which builds more 

advanced features in each subsequent layer with the input of initial features. 

This paper proposes a protein function prediction approach that combines Kernel Principal 

Component Analysis (KPCA) with DNN. The approach firstly uses a feature extraction algorithm 

called IFCM-GOA that extracts the initial features of protein function modules and protein properties 

by using Grasshopper Optimization Algorithm and Intuitionistic Fuzzy c-Means. In order to remove 

the redundant information, KPCA is used to reduce the dimension of the initial features. The processed 

features are input into DNN to predict protein function. 

2. Related work 

There are four types of computation approaches for protein function prediction, including 

prediction based on sequence similarity, prediction based on PPI network, prediction based on protein 

structure similarity and prediction based on the other protein information [11]. Altschul [12] proposed 

BLAST. The BLAST programs are widely used tools for searching protein and DNA databases for 

sequence similarities. For protein comparisons, a variety of definitional, algorithmic and statistical 

refinements described here permits the execution time of the BLAST programs to be decreased 

substantially while enhancing their sensitivity to weak similarities. Yunes [13] proposed a protein 

function prediction approach called Effusion. Sovan [14] explored a dynamic PPI network that was 

made up of neighboring protein of level 1 and 2 at different times. Hoffmann [15] proposed a new 

method to quantify the similarity between pockets and studied its correlation with ligand prediction. 

Yang [16] predicted protein function by using the digital features of the protein sequence. 

DNN has the ability to the representation of multiple hidden layers and data abstractions. It has 

been widely used in computer vision, natural language process, protein function prediction and other 

fields [17–20]. DNN is able to mine a more complex correlation between protein features and labels 

by setting activation function, depth of hiding level and other parameters. The common DNN 

algorithms are single task or multiple task feed-forward DNN [6], Auto-encoder [5], restricted 

Boltzmann [7], convolution neural network [3] and other DNN algorithms. In recent years, several 

scholars gradually studied the prediction of useful protein functions in large-scale protein based on 

DNN. In 2017, Cao [2] proposed ProLanGo that used recurrent neural network and protein sequence. 

In 2018, Kulmanov [21] proposed DeepGO that used deep learning to learn features from protein 

sequences as well as a cross-species protein-protein interaction network. This approach specifically 

outputs information in the structure of the GO and utilizes the dependencies between GO classes as 

background information to construct a deep learning model. In 2019, to address the problems during 

training features of the large-scale protein, Ahmet [8] proposed a layered stack based on multitasking 
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feed-forward DNN that is a solution of prediction based on GO. The above DNN-based approaches 

just mine a single protein feature and ignore the correlation between protein features with multiple 

biology information and labels. In 2019, You [22] proposed NetGO, which is based on GOLabeler-a 

state-of-the-art method for the third critical assessment of functional annotation (CAFA3). NetGO is a 

web server that is able to further improve the performance of the large-scale AFP by incorporating 

massive protein-protein network information. Experimental results have clearly demonstrated that 

NetGO significantly outperforms GOLabeler and other competing methods. In 2021, Yao [23] 

proposed the updated version as NetGO 2.0, which further improves the performance of large-scale 

AFP. NetGO 2.0 also incorporates literature information by logistic regression and deep sequence 

information by recurrent neural network (RNN) into the framework. 

3. DNN-based protein function prediction 

3.1. Algorithm process 

This paper proposes a DNN-based protein functions prediction approach IGP-DNN of which 

input includes the features of PPI network module and protein property and the annotation terms of 

protein function. The approach builds a DNN model to predict the annotation terms of unknown protein 

function. Figure 1 shows the algorithm process. 

Input data set of PPI and protein properties.

Extracting module features by using IFCM-GOA.

Reducing dimension of protein property by using KPCA.

Merging the module features with property principal

component Information and standardizing them.

Removing artificially parts of protein function terms.

Is protein labeled

by function terms?

Protein is in

training set.

Protein is in

test set.

Predicting function.

Outputting results.

DNN

Yes No

Start

End

 

Figure 1. IGP-DNN algorithm process. 
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3.2. Vector construction of protein features 

Vectors of protein features are built by using IFCM-GOA and KPCA. IFCM-GOA is used to 

extract module features. KPCA is used to reduce the dimension of protein property. The features that 

are reduced dimension and standardized are inputted to the DNN model. 

3.2.1. IFCM-GOA 

IFCM-GOA uses the idea that the grasshopper optimization algorithm (GOA) ingeniously 

balances the two processes of exploration and development to optimize and search for the best cluster 

center. According to the best cluster center, the intuitionistic fuzzy c-means (IFCM) cluster calculates 

the intuitionistic fuzzy membership matrix. Cluster results are obtained by dividing the matrix. 

Assume undirected graph ( , )G V E  denotes data of PPI network, where 1 2{ , , , }nV v v v  is 

vertexes set and v denotes proteins. And 1 2{ , , , }a nlV v v v  is proteins set with known functions. 

1 2{ , , , }b nl nl nV v v v   is proteins set with unknown function. The vertexes in G are sort from v1 to vn. 

{ , , , }ij ij i j i jE e e v v v v V      is the set of edges. Element eij represents the interaction between 

protein vi and vj. Therefore, adjacency matrix G is represented by ( )ijA a  . Element aij is 

1,( , )

0, ( , )

i j

ij

i j

v v E
a

v v E


 



 . IFCM-GOA input adjacency matrix ( )ijA a
  

to PPI network. The output is 

function module matrix 
1( ), 1,2, , , 1,2, ,ij i n j l   
 
where the value of 

ij
 
is 1 or 0. The 

value of 
ij

 
means whether the protein belongs to a function module. Algorithm 1 shows the detailed 

steps of the IFCM-GOA. 

Algorithm 1 IFCM-GOA Algorithm 

Input: PPI network data 

Output: Functional module 

1: Initialize the population Xi (i=1,2,…,n), number of clustering, clustering center 

2: Initialize cmax, cmin, maximum number of iterations 

3: Calculate the membership matrix and the fitness of each search agent 

4: while (l<Max number of iterations) do 

5:   GOA algorithm updates parameter and optimizes the best solution 

6: end while 

7: The best clustering center 

8: Using the best clustering center to clustering 
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3.2.2. Feature vector building 

IFCM-GOA is used to dig some function modules that are represented by a set 

1( ), 1,2, , , 1,2, ,ij i n j l    . The protein properties, which including protein family, structure 

domain and binding sit, are integrated with function module features to generate new features that are 

used to train DNN. It improves the generalization of the prediction model. Assume 1 2( , , , )mH h h h
 

represents for the set of protein properties. ( ), 1,2, , , 1,2, ,ijQ q i n j m    denotes whether the 

protein has a property. The value of qij is 1 or 0, which denotes whether the protein has a property. The 

performance of the DNN model could lose the generalization because of the high-dimension and 

discreteness of protein. This paper uses KPCA to extract the principal component of the properties and 

reduce the dimension of ( )ijQ q . It reduces the impact of noise and improves the probability of 

success and efficiency. Firstly, kernel matrix ( ) (( ))ijQ q    is obtained by using non-linear 

function Φ(Gaussian kernel function) to map ( )ijQ q
 
to high dimension. The matrix is centralized 

and satisfies 
1

( ) 0
n

i

i

q


  . Secondly, the feature values of Φ(Q) are calculated in Jacobin iteration 

and sorted in descending to extract the correlate feature vectors. Thirdly, the feature vectors are 

orthogonalized by using Schmidt. The values of cumulative contribution rate of the features are 

calculated. More than 90% of former l2 principal component are chosen. Finally, the principal 

component matrix 
2( ), 1,2, , , 1,2, ,ijQ q i n j l     is obtained by calculating the project of the 

kernel matrix on feature vectors. 

The feature matrix of the protein is generated by horizontally merging the features 

1( ), 1,2, , , 1,2, ,ij i n j l     of the function module with the principle matrix 

2( ), 1,2, , , 1,2, ,ijQ q i n j l      of the property. The feature matrix of the protein reflects the 

protein information on both the macro and micro levels. The element xij is represented as follow. 

1

1

, 1,2, , , 1,2, ,

, 1,2, , , 1,2, ,

ij

ij

ij

i n j l
x

q i n j l

  
 

  

 (1) 

Defining 1 2{ , , , }wC c c c is the term set of function. ( ), 1,2, , , 1,2, ,ijY y i n j w   is information 

label matrix of the known protein function module. The element is represented as the follow. 

1,

0,

i j

ij

i j

if protein v is commented by c
y

if protein v is not commented by c


 


 (2) 
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The prediction model transforms protein function prediction into a binary classification problem with 

multiple labels of which the samples are proteins and the sample labels are function module terms. 

The feature matrix 
1 2( ), 1,2, , , 1,2, ,ijX x i n j l l     is min-max standardized to improve 

the training convergence speed of the DNN. According to formula (3), the standardized feature matrix 

1 2( ), 1,2, , , 1,2, ,ijX x i n j l l      is obtained and 
ijx  are mapped to the interval [0,1]. 

min( )

max( ) min( )

ij j

ij

j j

x x
x

x x


 


 (3) 

3.2.3. Protein function prediction 

Deep learning solves the regression and classification problems by extracting the feature 

representation from the input data with different abstraction levels. In this paper, the DNN model IGP-

DNN that predicts protein function is built. The input of IGP-DNN is the standardized feature matrix 

( )ijX x   of the protein with known function in PPI network. And the output is the information label 

matrix of the corresponding protein function module. 

The performance of the protein function prediction by using DNN is affected by many factors. It 

is important for the accuracy of the final prediction results to select the suitable hyper-parameters. In 

this paper, we determine the several hyper parameters by using enumeration. The hyper-parameters 

include the number of hidden layer and the number of neurons in each hidden layer. In the experiments, 

the number of the hiding levels is set as {5, 10, 15, 20, 25} and the number of neurons in each hidden 

layer is set as {1000, 2000, 3000, 4000, 5000}. DNN model with different hyper-parameters is trained 

in the three training sets. The IGP-DNN is finally determined by comparing the model performance 

on test set. According to the experience of DNN, the other hyper-parameters of the IGP-DNN are 

determined. For example, the number of nodes in the input level is the number of dimensions of the 

standardized feature matrix ( )ijX x   and the number of nodes in the output level is the number of 

each protein dataset function comment. The function ReLU, of which the formula is shown in the 

formula (4), is selected as the activation function of the hidden level.  

max( ,0)ReLU x  (4) 

The function tanh, shown as formula (5), is selected as the activation function of the output level. 

x x

x x

e e
tanh

e e









 (5) 

The loss function is the cross-entropy loss function of which the basis is the maximum likelihood 

estimation. The formula of the loss function is shown as the formula (6). 

ˆ ˆ[ log (1 )log(1 )]L y y y y      (6) 

The adaptive learning algorithm is selected as the optimization algorithm of the experiment. The value 

of the β1 is 0.9, the β2 is 0.999, the ε is 10-8. The IGP-DNN is trained by using batch learning of which 
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the size is 20% of the number of the protein in the training set. The number of learning iteration Epoch 

is 200. The regularization coefficient is 0.0005 and the proportion of Dropout is 30%. The IGP-DNN 

predicts the probability that an unknown protein has a certain function and selects the K comment 

terms with the highest prediction probability as protein functions. K is the average of each protein 

functions. 

4. Experiments 

4.1. The Effectiveness of GOA 

We use Matlab software to simulate the effectiveness of the GOA in single-mode, multi-mode 

and compound test functions.  

   

Figure 2. Unimodal, multi-modal and composite test functions. 

In Figure 2, unimodal test function has no local solution, only a globally optimal solution, and the 

entire search space tends to be globally optimal, so it can be used as a benchmark. Multi-modal and 

composite test functions have many local optima, which makes them very suitable for benchmarking 

GOA in terms of local optima avoidance and exploration. At the same time, the composite test function 

usually simulates the real search space better than the multi-modal test function, so the potential 

performance of the GOA in solving practical problems can be inferred from this. 

In Figure 3, five graphs were drawn, including the shape of the test function; Search history, 

which shows the historical position of the grasshopper during the optimization process; Trajectory of 

the first grasshopper, which shows the first grasshopper in each iteration value of the first variable in; 

Average fitness of all grasshoppers, the figure shows the average target value of all grasshoppers in 

each iteration; Convergence curve, the figure shows the target value of the best solution obtained in 

each iteration. The trajectory curve in Figure 3 shown that in the initial iteration process, the 

grasshopper fluctuates greatly due to the higher repulsive force rate. At this time, the grasshopper is in 

the exploratory stage and is more inclined to move quickly to a new place to find the optimal solution. 

However, due to the adaptive comfort zone and attractiveness between the grasshoppers, the 

fluctuations gradually decrease as the optimization process progresses. This ensures that the GOA 

cleverly weighs the two processes of exploration and development, and finally converges to the global 

optimal solution. The graphs of the average fitness of all grasshoppers and the convergence curve show 

the descent behavior of the three test functions, which proves that the GOA improves the initial random 

population of the test function and improves the accuracy of the approximate optimal solution in the 
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iterative process. Generally, for different test functions, grasshoppers tend to explore promising areas 

in the search space, so that the grasshoppers develop in the direction of the global optimum, and finally 

gather around the global optimal value, effectively solving the local optimal problem. 

 

 

Figure 3. GOA tests on the standard functions. 

4.2. Dataset 

The experiment selects the Yeast Protein dataset from Database of Interacting Protein (DIP) [24] 

as the dataset of PPI network. The PPI network data of the Yeast Protein is downloaded from DIP and 

the protein IDs are transformed by using UniProtKB/Swiss-Prot. According to the protein number in 

UniProtKB/Swiss-Prot, database GO [25] and database InterPro [26] are obtained the corresponding 

GO term number and InterPro number. Database GO and InterPro provide the protein function 

comment and property information, respectively. The database Gavin [27] and Kragon [28] are the 

other two datasets for experimental verification. The former provides a small-scale data collection of 

budding yeast proteins that is often used to test the effectiveness of algorithms. The latter contains 

2674 proteins and 7075 interactions. Table 1 shows the detailed information of the 3 PPI network 

datasets. 
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Table 1. Caption of the table. 

Dataset Number of 

nodes 

Number of 

edges 

Average of 

nodes 

Number of GO 

terms 

Number of property 

features 

DIP 4579 20845 6.98 5879 10221 

Gavin 1430 6531 9.13 1963 3297 

Kragon 2674 7075 5.29 3505 5996 

The deep learning framework is Tensorflow1.8. According to the IFCM-GOA, the function 

modules of which the number of clusters is 410, 130, 250 are selected as function module features. 

4.3. Measure 

The experiment uses cross-validation. The functions of protein in the test set are predicted on the 

basis of the training set. The performance of IGP-DNN is verified by comparing the predicted functions 

with the actual functions. The common approaches for measuring protein function prediction include 

the value of Precision, Recall and F-measure. The prediction results of protein function are divided 

into positive data that is verified by the experiment and negative data which is verified as no function. 

The right prediction in positive data is called true positive (TP), the wrong prediction is called false 

positive (FP), the right prediction and wrong prediction in the negative data are called true negative 

(TN) and false negative (FN), respectively. The average value ΔTP, ΔFP, ΔTN, ΔFN of TP, FP, TN, 

FN are calculated to measure the performance of IGP-DNN. The formula (7–9) shows the definition 

of the measure approaches. 

TP
Precision

TP FP



 

 (7) 

TP
Recall

TP FN



 

 
(8) 

2 Precision Recall
F measure

Precision Recall

 
 


 

(9) 

4.4. Results 

To verify the performance advantage of the model that combines protein function module features 

with property principle features, this paper firstly uses KPCA to reduce features dimension on the 

datasets DIP, Gavin and Kragon. The results of dimension reduction are compared with the results by 

using the kernel independent principal component analysis (KICA) and the local linear embedding 

(LLE). Its effectiveness is verified. And then the different hyper-parameters are set and compared to 

choose the most suitable hyper-parameters to build the model IGP-DNN. Thereby, the performance of 

KPCA that reduces dimension is verified again. Finally, the IGP-DNN is compared with BLAST [12], 

IGP-SVM, HPMM [29], FFPred [30], and DeepGo [21] on three datasets. We use the BLAST as a 

baseline. The IGP-SVM combines the features of protein functional module extracted by IFCM-GOA 

with the protein attribute information obtained after KPCA dimension reduction as the protein feature, 
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and the SVM classifier is used for classification; The HPMM develops a protein feature extraction 

based on hierarchical clustering and principal component analysis, And combined with the method of 

multi-layer perceptron for protein function prediction; The FFPred uses machine learning methods, 

using the features predicted from the amino acid sequence to perform function prediction in the protein 

feature space. The analysis of experimental results verifies the superiority of IGP-DNN in predicting 

the function of unknown proteins. 

The high dimensions of the protein property feature will affect the results of the algorithm. 

Therefore, IGP-DNN firstly reduces the dimension of the protein property by using KPCA. The results 

of dimension reduction are compared with the results by using KICA and LLE. The KICA found 

hidden components from the multiple dimension data. The LLE reflected global non-linear by using 

local linear. The results of dimension reduction are illustrated in Tables 2–4. 

Table 2. The results of dimension reduction on DIP. 

Algorithm Number of property 

feature 

Number of property principal 

component feature 

Rate of dimension 

reduction 

KPCA 10221 2698 73.60% 

KICA 10221 3475 66.00% 

LLE 10221 4793 46.90% 

Table 3. The results of dimension reduction on Gavin. 

Algorithm Number of property 

feature 

Number of property principal 

component feature 

Rate of dimension 

reduction 

KPCA 3297 910 72.40% 

KICA 3297 930 71.80% 

LLE 3297 2008 39.10% 

Table 4. The results of dimension reduction on Krogan. 

Algorithm Number of property 

feature 

Number of property principal 

component feature 

Rate of dimension 

reduction 

KPCA 5996 1625 72.90% 

KICA 5996 2272 62.10% 

LLE 5996 3610 39.80% 

As shown in Table 2–4, the rate of dimension reduction of KPCA is 73.6%, 72.4%, 72.9% on the 

three datasets, respectively. The results of KPCA is slightly better than KICA and obviously better than 

LLE. The KPCA reduced the number of initial property features from 10221 to 2698, but KICA and 

LLE reduced to 3475 and 4793, respectively. The results show that KPCA can effectively reduce 

dimension, but it is not able to ensure the precision of prediction.  

To verify the effectiveness of KPCA, the different dimension reduction approaches and hyper-

parameters are chosen to carry out a comparative experiment and determine the most suitable hyper-

parameters for building IGP-DNN. For two hyper-parameters and three-dimension reduction 

approaches, the multi-group comparative experiments are carried out on three datasets. The results are 

illustrated in Figures 4–6. 
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(a) five hidden layers (b) ten hidden layers 

  

(c) fifteen hidden layers (d) twenty hidden layers 

 

(e) twenty-five hidden layers 

Figure 4. Results with different hyper parameter on DIP. 
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(a) five hidden layers (b) ten hidden layers 

  

(c) fifteen hidden layers (d) twenty hidden layers 

 

(e) twenty-five hidden layers 

Figure 5. Results with different hyper parameter on Gavin. 
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(a) five hidden layers (b) ten hidden layers 

  

(c) fifteen hidden layers (d) twenty hidden layers 

 

(e) twenty-five hidden layers 

Figure 6. Results with different hyper parameter on Krogan. 

Figures 4–6 illustrate the results of the IGP-DNN model that the dimension reduction approach 

is KPCA. As shown in Figure 4, the performance of the model is the best on DIP when the number of 

hiding level is 20 and the number of neurons is 4000. As shown in Figure 5, the performance of the 

model is the best on Krogan when the number of hiding level is 20 and the number of neurons is 3000. 

As shown in Figure 6, the performance of the model is the best on Gavin when the number of hiding 
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levels is 15 and the number of neurons is 1000. It can be seen from the experimental results that the 

combination of the different number of hiding level and neurons have a great impact on the results. 

The reason is that the precision of the DNN prediction model is mainly impacted by the number of 

hiding levels and neurons. Compared with the model that has a single hidden layer, the model with the 

multiple hidden layers significantly improves the precision. 

Table 5 shown the performance of IGP-DNN with different dimension reduction methods and 

hyperparameters on three datasets. It can be seen that the IGP-DNN model built on the DIP and Krogan 

datasets after using the KPCA method to reduce the dimensionality is significantly better than the two 

dimensionality reduction methods of KICA and LLE in predicting protein function. At the same time, 

it is also better than the method without dimensionality reduction. Only the Precision and Recall on 

the Gavin dataset is slightly lower than the KICA method, but higher than the LLE method and the 

method without dimensionality reduction. The experimental results show that the KPCA method can 

not only effectively reduce the feature dimensions and reduce the impact of excessively high 

dimensions, but also KPCA can effectively retain the important features of protein attribute 

information when reducing the dimensionality, ensuring the accuracy of protein function algorithm 

prediction. 

Table 5. Experimental results of dimension reduction method. 

Dimension 

Reduction Method 

Dataset Number of 

Hidden Layers 

Number of 

Neurons 

Precision Recall F1 

KPCA DIP 20 4000 0.4903 0.4051 0.4436 

Krogan 20 3000 0.4809 0.3817 0.4256 

Gavin 15 1000 0.3776 0.3409 0.3583 

KICA DIP 20 2000 0.2631 0.4252 0.3251 

Krogan 10 2000 0.3744 0.2488 0.2989 

Gavin 5 1000 0.4109 0.3267 0.364 

LLE DIP 10 4000 0.1396 0.1199 0.129 

Krogan 10 1000 0.2417 0.2847 0.2614 

Gavin 15 2000 0.2406 0.1085 0.1496 

Naive DIP 5 1000 0.1061 0.0899 0.0973 

Krogan 5 2000 0.1249 0.1947 0.1522 

Gavin 15 1000 0.2037 0.1175 0.149 

As shown in Table 6, the IGP-DNN model with the best hyper parameters was compared with the 

BLAST, IGP-SVM, HPMM, FFPred and DeepGO on three datasets. 

It can be seen from Table 6 that the Recall of IGP-DNN is slightly lower than HPMM on Gavin, 

but it has more advantages on the other two datasets. The Precision and F-measure of IGP-DNN are 

higher than HPMM on the three datasets. The reason is that IGP-DNN uses IFCM and GOA to solve 

the problems that the PPI network is easy to fall into local optimal and be disturbed by noise points 

during clustering when extracting the protein function features. In addition, KPCA can deal with 

nonlinear data better. The Precision, Recall and F-measure of the IGP-DNN model are better than IGP-

SVM, because DNN is better than SVM and has stronger nonlinear fitting ability while they process 

large scale dataset. The performance of the IGP-DNN model is obviously better than FFPred and more 

stable. The Recall of IGP-DNN is slightly lower than DeepGO on Krogan, and the Precision is lower 
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than DeepGO on DIP, but it has more advantages on other dataset. The F-measure of IGP-DNN is 

higher than DeepGO on the three datasets. The false positive rate of IGP-DNN is relatively low, 

although DeepGO has a better Recall on the dataset Krogan, its performance superiority is limited. 

This situation may be due to the superiorities of IFCM-GOA and DNN are integrated into IGP-DNN. 

Through the integration of IFCM and GOA, the problem of falling into local optimal when extracting 

function module features is avoided, and lowering the over-sensitivity of IFCM for clustering center, 

meanwhile, the precision of the protein function module features extraction is obviously improved. 

The integration of multiple protein properties, including protein family, structure domain and binding 

site, and features of protein function module can better reflect the micro and macro level information 

of protein and improve the generalization ability of predictive models. Meanwhile, KPCA reserves the 

important information of principle features. It finally improves the precision of the model to use the 

enumeration to choose the optimal hyper parameters. The feature values extracted by KPCA are more 

accurate and reliable, the final prediction accuracy is higher, and false positives can be better screened. 

Table 6. Performance comparison of the protein function prediction approaches on three 

datasets. 

Dataset Method Precision Recall F1 

DIP 

BLAST 0.3672 0.3771 0.372 

IGP-SVM 0.3825 0.1203 0.183 

HPMM 0.3897 0.2651 0.3155 

FFPred 0.1624 0.3208 0.2156 

DeepGo 0.5121 0.3758 0.4334 

IGP-DNN 0.4903 0.4051 0.4436 

Krogan 

BLAST 0.3212 0.3823 0.3490  

IGP-SVM 0.2846 0.1853 0.2245 

HPMM 0.3134 0.3825 0.3445 

FFPred 0.2669 0.2783 0.2725 

DeepGo 0.4544 0.3823 0.4152  

IGP-DNN 0.4809 0.3817 0.4256 

Gavin 

BLAST 0.3018 0.3272 0.3140  

IGP-SVM 0.1139 0.2605 0.1585 

HPMM 0.2179 0.4223 0.2875 

FFPred 0.2769 0.1346 0.1811 

DeepGo 0.3759 0.317 0.3439 

IGP-DNN 0.3776 0.3409 0.3583 

5. Conclusions 

A protein function prediction method based on DNN is proposed in this paper. In the proposed 

model, protein features consist of the protein function module features and the protein property features, 

the former is extracted by using IFCM-GOA and the latter are reduced dimensions by using KPCA. 

These protein features are aiming to settle the noise sensitivity and the other problems during the 

process of predicting protein function. In addition, enumeration is used to choose the optimal hyper 
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parameters that are the basis of building the DNN model. Then, the IGP-DNN is compared with the 

BLAST, IGP-SVM, HPMM, FFPred and DeepGO on three different datasets of the yeast PPI network. 

The experimental results demonstrate that the Precision, Recall, F-measure of IGP-DNN are better 

than BLAST, IGP-SVM, HPMM, FFPred and DeepGO, and IGP-DNN can effectively predict the 

unknown protein function. 
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