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Abstract. Network-based protein localization prediction is explored utilizing 
the protein-protein interaction score along with the network connectivity. 
Score-based diffusion kernel is introduced to solve the problem. Four different 
PPI networks, namely, co-expressed PPI, Genetic PPI, Physical PPI, and scored 
PPI are used for analysis. Our investigation shows that PPI score does have pos-
itive impact in predicting subcellular protein localization. At high average PPI 
score of 891, performance accuracy ranges from 0.78 for ‘punctate composite’ 
to 0.93 for ‘nucleolus’ and at low average PPI score of 169, performance accu-
racy ranges from 0.60 for ‘cytoplasm’ to 0.83 for ‘mitochondrion’. 
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1 Introduction 

Precise targeting to designated subcellular localization is essential for proper protein 
function. Experimental determination of protein localization is costly [1, 2]. Computa-
tional algorithm can greatly help in predicting protein localizations, which in turn can 
infer protein functions. In the past decade, many computational algorithms have been 
developed for predicting subcellular localization of protein. These algorithms employ a 
variety of supervised machine learning techniques including support vector ma-
chines[3], neural networks [4], nearest neighbor classifier, Markov models, Bayesian 
networks [5, 6] etc. The existing prediction algorithms can be divided into four major 
categories [7]  in terms of the evidences used: 1) algorithms based on targeting signals; 
2) algorithms considering the preference or bias in terms of amino acid; 3) algorithms 
using localization information from other annotated proteins with indirect relationships 
such as  functional annotation, phylogenetic profiling, homology and protein-protein 
interaction; and 4) algorithms that integrate multiple sources of information.  

Recently, protein-protein correlation (PPC) networks such as PPI networks [8] and 
metabolic networks [9] have been used for localization prediction. One of the limita-
tions of these methods that these are not capable of utilizing the inherent network 
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information that naturally appears among proteins [7, 10]. In their recent work, Mon-
dal and Hu [7, 10-12] exploit the PPI network information in predicting subcellular 
protein localization using diffusion kernel. But these studies do not utilize the PPI 
score meaning they used score of unity for each PPI. PPI score, ranging between 150 
and 999, in the STRING database reflects the confidence of functional association of 
two different proteins [13]. The higher is the score of a PPI, the higher is the probabil-
ity of two proteins to be associated with the same function. If two proteins are  
associated with the same function, they are more likely to be localized at the same 
subcellular location. So, PPI scores in STRING database can better be utilized in pre-
dicting subcellular localization of proteins. It is thus interesting to explore score-based 
diffusion kernel algorithm in predicting protein subcellular localizations. 

2 Diffusion Kernel-Based Logistic Regression using Scored PPI 

2.1 Score-Based Diffusion Kernel  

Score-based diffusion kernel is derived from weighted adjacency matrix of scored PPI 
network, where weight on an edge is the score of PPI connecting two proteins. Diffu-
sion kernel K, to represent the scored interaction network, is defined using the follow-
ing equation. 
 

 (1)

 
Where , ,               0                                                      

 
Where  is the sum of weights of interactions with protein i and  represents 

the matrix exponential of the matrix . It is noticeable that , 1 represents the 
diffusion kernel for non-score based PPI network or PPI with score of unity, which is 
used in [7, 10-12]. Kernel function ( , )K i j  represents the similarity distance be-

tween protein i and protein j in the network. 

2.2 Kernel-Based Logistic Regression (KLR) Model 

For classification, we applied the diffusion kernel-based logistic regression (KLR) 
model [14] as used in [7, 10-12] to predict protein subcellular localization. Given a 
protein-protein interaction network with  proteins , … ,  with  of them , … ,  with unknown subcellular locations, the objective is to find subcellular 
locations of  unknown proteins using the locations of known proteins and protein-
protein interaction network.  
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2.3 Performance Evaluation 

The outputs of the KLR model are confidences for each protein to be localized at each 
of the locations. A threshold on confidence value is used to classify the proteins to be 
localized at a location or not. If the threshold is set to 0.7, then a protein with higher 
than 0.7 confidence will be labeled as positive prediction meaning that the protein 
belongs to this location, otherwise, negative prediction. The results of the KLR pre-
diction algorithm can have varying true positive and true negative rate depending on 
the threshold value. This makes the comparison difficult.  To avoid this difficulty, the 
AUC (Area Under the Curve) score was used to measure the prediction capability of 
the proposed KLR model.  5-fold cross-validation was used to calculate the AUC 
values.  

3 Datasets 

3.1 PPI Networks 

Four different PPI networks for yeast are used in the present study: two networks, 
physical PPI and genetic PPI, are obtained from BioGRID database [15], one Scored 
PPI network from STRING database [13], and one co-expressed PPI network is de-
rived from gene expression data of Stanford University [16]. Pearson correlation is 
used to derive co-expressed PPI from gene expression data. In this study, the net-
works are named as co-expressed PPI as COEXP, genetic PPI as GPPI, physical PPI 
as PPPI, and scored PPI as SPPI. Table-1 summarizes the topology of four network 
datasets. SPPI is the largest network (proteins: 6314; edges: 489934) and COEXP is 
the smallest (proteins: 2004; edges: 11954). SPPI is also the densest network (77.6 
PPI/protein) followed by GPPI (19.73 PPI/protein), PPPI (9.31 PPI/protein), and 
COEXP (5.96 PPI/protein). 

Table 1. Topology of protein-protein interaction networks 

Property COEXP GPPI PPPI SPPI 

No. of proteins 2004 5252 5477 6314 

Edges  11954  103631 50997 489934 

Average interactions per node  5.96  19.73 9.31 77.60 

3.2 Annotated Proteins 

The developed KLR model is applied to protein localization prediction of yeast pro-
teins using the localization data of Huh et al. [1] as the basis for annotation. After 
removing ambiguous localization, we have 3919 proteins with 5191 localizations. Out 
of 22 locations, only 7 locations have more than 100 proteins with known subcellular  
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localization annotation. These locations are cell periphery, cytoplasm, ER (endoplas-
mic reticulum), mitochondrion, nucleolus, nucleus, and punctuate composite. We 
evaluated our network prediction model based on these 7 locations.  

3.3 Networks in Terms of PPI Score 

In COEXP, GPPI, and PPPI network all PPIs have the equal score of unity even 
though two proteins of different PPIs have different level of confidence of functional 
association. In order to investigate the relationship of these three types of PPIs with 
respect to functional association, we identified the PPIs for these three networks that 
are common with the STRING PPIs. Fig. 1 presents the cumulative distribution of PPI 
with PPI score for three different types of PPI. In case of GPPI, 50% PPIs have score 
larger than 375; in case of PPPI, 50% PPIs have score larger than 800; in case of 
COEXP 50 % PPIs have score larger than 850. So, two proteins in PPI of PPPI and 
COEXP network are more likely to be related to the same function. By definition, 
physical PPI means two proteins physically interact together to produce some prod-
ucts, and co-expressed PPI means two proteins have same level of expression in the 
same direction and as such they are more likely to be associated with the same func-
tion, which results in high PPI score for PPPI and COEXP.  
 

 

Fig. 2. Distribution of PPIs with PPI score for different types of PPI  

4 Results and Discussion 

In their previous work [7, 10-12] Mondal and Hu used NetLoc model to predict sub-
cellular localization using PPI network without score. In the present work, we used 
NetLoc to explore it’s capability of similar prediction but using scored PPI from 
STRING database [13]. 

In order to see the effect of PPI score in predicting subcellular localization, NetLoc 
model was applied to five equally divided scored PPI (SPPI) network. The PPIs in the 
whole SPPI network was sorted in descending order based on PPI score and then 
divided into five equal parts in terms of number of PPIs. Table 2 summarizes the to-
pology of the divided networks along with the average PPI score and the number of 
annotated proteins corresponding to each of the divided network. It is noticeable that  
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topology of the divided networks are very similar in terms of every component of 
topology: number of PPI ranging from 97986 to 97990, number of protein ranging 
from 5394 to 5948, and average degree ranging from 33 to 36. The number of corres-
ponding annotated protein is also similar ranging from 3728 to 3870. The major dif-
ferent in the five networks are average PPI score ranging from 169 to 891. 

Table 2. Topology of 5 divided networks and average PPI score and number of annotated 
proteins for corresponding networks 

Parts of 
Network 

Network Topology Avg Score Ann Protein 
PPI  Protein Avg Degree 

N1_5 97986 5394 36 891 3728 
N2_5 97986 5948 33 575 3870 
N3_5 97986 5860 33 359 3837 

N4_5 97986 5944 33 230 3839 
N5_5 97990 5809 34 169 3809 

4.1 Model Performance in Predicting Individual Subcellular Localization 

Fig. 3 presents the model performance in predicting 7 subcellular localizations for two 
of five equally divided networks, N1_5 with the largest average PPI score of 891 and 
N5_5 with the smallest average PPI score of 169. At high score, performance accura-
cy ranges from 0.78 for ‘punctate composite’ to 0.93 for ‘nucleolus’ and at low score, 
performance accuracy ranges from 0.60 for ‘cytoplasm’ to 0.83 for ‘mitochondrion’. 
It is clear that for all locations, network N1_5 performs better than network N5_5. 
This demonstrates that PPI score does have influence in predicting subcellular locali-
zations. It can be concluded that higher is the average PPI score better is the NetLoc 
performance. 

 

 

Fig. 3. NetLoc performance in predicting individual subcellular localization 
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4.2 Overall Performance with Scored PPI Networks 

Fig. 4 shows the overall performance for five equally divided networks. It is clear that 
higher is the PPI score of the network better is the overall performance. This experi-
ment definitely demonstrates that PPI scores have direct impact in predicting subcel-
lular localization. PPI score in the STRING database [13] represents the level of con-
fidence that two proteins can have the similar function. Higher is the score higher is 
the probability that two proteins are more likely to have the similar function. If two 
proteins have similar function they are more likely to be localized at the same subcel-
lular compartment [7]. As a result network with high average PPI score produces 
better results in predicting subcellular localization. 
 

 

Fig. 3. NetLoc Performance for networks with different PPI scores. Overall AUC is evaluated 
based on 7 locations 

4.3 Comparing Performance with Non-scored PPI Networks  

In their previous work [7, 10-12], Mondal and Hu explored protein localization predic-
tion using non-scored PPI networks, namely, COEXP, GPPI, and PPPI. In order to 
compare we need two networks composed of same number of proteins and same PPIs, 
one with PPI score and the other without PPI score. As mentioned in section 3.3, these 
networks can be obtained from the PPIs which are common with STRING PPIs. The 
derived COEXP contains 8017 PPIs, GPPI contains 85770 PPIs and PPPI contains 
45739 PPIs. Fig. 5 shows the model performance for three different types of PPI with 
and without PPI score. It is evident that improvement upon using PPI score is very small 
ranging from 1.0% for PPPI to 2.6% for GPPI. This improvement is due to the score 
attached to each PPI. This proves that network connectivity (prediction without score) 
provides the most information in predicting protein subcellular localization and inclu-
sion of score features on top of network connectivity have little influence.  

4.4 Statistical Significance of Improvement in Prediction due to PPI Score 

It is clear from Figs. 3 and 4 that PPI score does have positive impact in predicting 
protein localization. According to Fig. 5, the improvement in prediction due to score 
in PPI is very small (1% ~ 3%). Now the question is whether this improvement is 
statistically significant or it’s happening by chance.  In Fig. 5, improvement is hap-
pening to all three types of PPI. So, it’s not happening by chance. 
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Fig. 4. Overall performance of different types of PPI with and without PPI score 

5 Conclusion 

A score-based diffusion kernel is introduced in predicting protein subcellular localiza-
tion using scored protein-protein interaction network. Our investigation shows that 
PPI scores have direct impact in predicting subcellular localization: higher is the PPI 
score of the network better is the performance. Our results also show that network 
connectivity or network with non-scored PPI provides the most information in pre-
dicting protein localization. Inclusion of PPI score features on top of network connec-
tivity has little influence.  
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