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Abstract 
Subcellular localization is a key functional characteristic 
of proteins. An automatic, reliable and efficient prediction 
system for protein subcellular localization is needed for 
large-scale genome analysis. In this paper, we introduce a 
novel subcellular prediction method combining boosting 
algorithm with probabilistic neural network algorithm. 
This new approach provided superior prediction 
performance compared with existing methods. The total 
prediction accuracy on Reinhardt and Hubbard’s dataset 
reached up to 92.8% for prokaryotic protein sequences 
and 81.4% for eukaryotic protein sequences under 5-fold 
cross validation. On our new dataset, the total accuracy 
achieved 83.2%. This novel method provides superior 
prediction performance compared with existing 
algorithms based on amino acid composition and can be a 
complementing method to other existing methods based 
on sorting signals. 
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1 Introduction 
High throughout genome sequencing projects are 
producing an enormous amount of raw nucleic acid 
sequences and protein sequences. The next step is to 
analysis these sequences begging for finding new gene 
functions and key regulatory pathways. As a hot topic in 
genome science, genome function annotation including 
the assignment of a function for a potential gene in the 
raw sequence is a vitally important work in genome 
research. Subcellular location is a key function 
characteristic of potential gene expressing the protein 
because the protein functions in the specific location in 
the intact cells to maintain the cell survival. As a result, 
the knowledge of protein subcellular location could 
provide useful information for the gene function 
prediction. However, subcelluar localization analysis 
based on experiment is time consuming and could not be  
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performed for genome scale proteins. With the rapidly 
increasing number of sequences in database, it is highly 
necessary to develop an accurate, reliable and efficient 
system for protein subcellular localization automatically. 
Several efforts have been made in the prediction of 
protein subcellular localization. Up to now mainly two 
categories of prediction methods have been proposed. 
One was mainly based on the existence of sorting signals 
in N-terminal sequences (Nakai, 2000) including signal 
peptides, mitochondrial targeting peptides and chloroplast 
transit peptides (Nielsen et al, 1997, 1999). For the 
improvement of this method, Emanuelsson et al 
(Emanuelsson et al, 2000) proposed an integrated 
prediction system with artificial neural network based on 
individual sorting signal predictions. This system could 
be use to find cleavage sites in sorting signals and 
simulate the real sorting process to a certain extent. 
Nevertheless, the prediction accuracy of those methods 
based on sorting signals was highly correlated with the 
quality of protein N-terminal sequence assignment. 
Unfortunately, it is usually unreliable to annotate the 
N-terminal using known gene identification methods 
(Frishman et al, 1999). As a result, the prediction 
accuracy and reliability decreased when signals were 
missing or only partially included. 
 
The other category of methods was mainly based on the 
amino acid composition of protein sequences in different 
subcellular localizations. This approach was first 
suggested by Nakashima and Nishikwa (1994). They 
found that the intracellular and the extra cellular proteins 
could be discriminated with high accuracy only by amino 
acid composition. From then on, different statistical 
methods and machine learning methods have been used 
based on amino acid composition of protein sequences to 
improve prediction accuracy. Cedano et al (1997) adopted 
a statistical method with Mahalanobis distance for 
prediction. Reinhardt and Hubbard (1998) predicted 
subcellular locations with neural networks and reached 
the accuracy 66% for eukaryotic sequences and 81% for 
prokaryotic sequences. Chou et al (1999) proposed the 
covariant discriminant algorithm on the same prokaryotic 
dataset as Reinhardt et al. and achieved a total accuracy 
of 87%. Hua and Sun (2001) constructed a prediction 
system using support vector machine (SVM)— — a new 
machine learning method based on the statistical learning 
theory— — on the same prokaryotic and eukaryotic 
datasets. The prediction accuracy of Hua et al has reached 
up to 91.4% for prokaryotic proteins and 79.4% for 
eukaryotic proteins.  



 
In this paper, we developed a novel method for protein 
subcellular localization based on amino acid composition. 
We integrate boosting algorithm and probabilistic neural 
network into our prediction system. Boosting is a novel 
and powerful machine learning method for classification 
and regression. It can effectively convert a base or 
“weak” algorithm with accuracy just slightly better than 
random guessing into a strong classifier which can 
achieve high prediction accuracy. Boosting algorithm has 
been successfully applied in the field of pattern 
recognition, such as text classification (Schapire et al, 
2002) and speech recognition (Rochery et al, 2002) et al. 
Probabilistic neural network (PNN) is an approach for 
classification problem. It overcomes some faults of the 
traditional back-propagation network. Here the 
probabilistic neural network was used as the base 
classifiers in boosting algorithm. The testing results show 
that the prediction accuracy has been improved with this 
novel method. In this paper, our method combing 
boosting and PNN is called Boost-PNN method. 

2 Method and Database 

2.1 Database 
In this paper, we first chose the database generated by 
Reinhardt and Hubbard (1998), which is a commonly 
used subcellular localization prediction dataset, to test our 
new model. The sequences in this database were extracted 
from SWISSPORT 33.0 and subcellubar location of each 
protein has been annotated. This set of sequences was 
filtered, only keeping those appeared complete and those 
had what appeared to be reliable location annotations. 
Transmembrane proteins were excluded because some 
reliable prediction methods for these proteins have 
already existed. Plant sequences were also removed for 
the sufficient difference of the composition. Finally, the 
filtered dataset included 997 prokaryotic proteins (688 
cytoplasm, 107 extracellular and 202 periplasmic proteins) 
and 2427 eukaryotic proteins (684 cytoplasm, 325 
extracellular, 321 mitochondrial, and 1097 nuclear 
proteins). 
 
On the other hand, we newly constructed a much larger 
database to test our algorithm further. The new database 
we constructed included 8304 eukaryotic proteins in 8 
subcellular locations: 1019 chloroplast proteins, 2387 
cytoskeleton proteins, 595 extracellular proteins, 211 
Golgi proteins, 133 lysosomal proteins, 644 mitochondria 
proteins, 3199 nuclear proteins and 116 perox proteins. 
All the proteins in this dataset were selected from 
SWISSPORT release 40 according to the similar filtering 
rule as Reinhardt and Hubbard’s dataset.  
 

2.2 Boosting algorithm and AdaBoost 
Boosting is a novel and powerful machine learning 
method for classification and regression. In addition, it is 
a general method for improving the accuracy of most 
learning algorithms. It can effectively convert a base or 
“weak” algorithm with accuracy just slightly better than 
random guessing into a strong classifier, which can 

achieve arbitrarily low error rate given sufficient training 
data. The work process of a boosting algorithm is to 
repeatedly reweight the examples in the training set and 
rerunning the weak learning algorithm on those learning 
algorithm to concentrate on the hardest examples. The 
final decision is a weighted combination of the outputs of 
each weak classifier.  
 
The first boosting algorithms were discovered by 
Schapire and Freund (1992). After that, they improved 
their algorithms and designed the so called AdaBoost 
algorithm (Freund et al, 1995, 1996), which has been 
shown to be very effective in many experiments. As the 
former boosting algorithms, AdaBoost is an adaptive 
algorithm to boost a sequence of classifiers, in which the 
weights are updated dynamically according to the errors 
in previous learning. AdaBoost is also a kind of large 
margin classifiers.  
 
There are different versions of AdaBoost algorithms. In 
this paper, we adopted Freund and Schapire’s 
AdaBoost.M1 algorithm (Freund & Schapire, 1996). The 
algorithm is described as follows. 
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    where )(tZ  is a normalization factor, which is 
chosen so that )1( +tD  will be a probabilistic 
distribution. 

6. Repeat steps 2-5 for T times.  
7. Final hypothesis: the final hypothesis is given by a 
boosted classifier which is a linear combination of 
individual locally optimal SVMs. 
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A direct way to use to probability distribution )(tD  over 
the training samples when training the base classifier is to 
construct boosting set, which is a subset of all training 
samples. The boosting set can be created by sampling 
samples from the original training set according to the 

probability distribution )(tD . Then it will be used as the 
training dataset for the base classifier in a particular 
iteration.  
 
The base classifier can be any kind of classifier 
algorithms, such as decision trees, neural networks, et al. 



In this paper, we use probabilistic neural network as the 
base classifier in boosting process.  
 

2.3 Probabilistic neural network 
The probabilistic neural network (PNN) was first 
introduced by Specht (1990). The original probabilistic 
model was designed in order to solve some faults of the 
traditional back-propagation neural network, such as the 
long train time and the false minimum problem. A PNN is 
a feed-forward, 4 layers network for solving classification 
problems. It is based on the well-established statistical 
principles derived from bayes decision rule and 
non-parametric kernel based estimators of probability 
density functions.  
 
Consider a pattern vector x  with m dimensions in a 
mutil-classification problem. The bayes decision rule 
implies that x  belong to class k if and only if  

)()( xflhxflh iiikkk > , for all ki ≠    (2) 

where ih  and kh  are the priori probability of 

occurrence of patterns from class i and class k; il  are 
the loss function associated with the decision as 
misclassifying the vector as other classes when it belong 
to i, kl  has the similar definition as il ; )(xf i  and 

)(xf k  are the probability density functions for 
categories i and k. Often the priori probabilities are 
known or can be estimated accurately , and the loss 
function s require subjective evaluation. In many 
situations, the loss functions and the probabilities can be 
considered equally. Therefore, the key to use the decision 
rule given by (2) is to estimate the probability density 
functions from the training samples.  
 
The probabilistic neural network learns to approximate 
the probability density function of the training samples. 
More precisely, the PNN is interpreted as a function 
which approximates the probability density of the 
underlying samples’ distribution. A nonparametric 
estimate method known as Parzen Window (Parzen, 1962) 
is used to construct the class-dependent probability 
density functions for each class required by bayes rule. If 
the jth training pattern for the ith class is jx , then the 

Parzen estimate of the probability density function for the 
ith class is  
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where n is the number of training samples, m is the 
dimension of patterns and σ  is the “smooth parameter” 
which should be adjusted experimentally.  
 
The architecture of PNN including 4 layers is shown in 
Figure 1. The first layer, the input layer, is consisted with 
a number of merely distributional units that supply the 
same input values to all of the pattern units in the pattern 
layer. The unit number in this layer is the same as the 
dimension of input samples. The second layer is called 
the pattern layer, which is consisted of the so called radial 
basis neurons equal to the number of training samples. 

The weights of this layer are set to the transpose of the 
matrix formed from the total number of training pairs. 
The input to each radial basis neurons of this layer is the 
vector distance of the between the weight vector iw w 
and the input vector x , multiplied by bias b. The outputs 
of the radial basis neurons are derived by the function: 
     )exp( 2nY −=                         (4) 

where xwbn −⋅= , •  denote the Euclidean 

distance. Each bias b in the pattern layer is set to 

Spread/)5.0log(− . This gives the radial basis 
functions that cross 0.5 at a weighted input of +/- Spread. 
The parameter Spread determines the width of an area in 
the input space to which each neuron responds. A larger 
Spread lead to a larger area around the input vector, 
where the radial basis function respond with significant 
output.  
 

 
Figure 1: Architecture of the Probabilistic Neural Network 
(PNN). The structure of a PNN is consisted of 4 layers: input 
layer, pattern layer, summation layer, output layer. 
 
The summation units simply sum the inputs from the 
pattern units that correspond to the category from which 
the training pattern was selected. Therefore, the unit 
number in this layer is the same as the category number 
of the training samples. The final layer, the output layer, 
is consisted with units which produce integral outputs 
corresponding with the highest probability density 
function value.  
 
Any reader who wants to learn more about probabilistic 
neural network could read Y. Freund and R. Schapire’s 
paper (1995, 1996) or P. Wasserman’s book (1993).  
 

2.4  Cross-validation and algorithm criterion 

In this paper we used 5-fold cross validation for testing 
our method. In the process of a k-fold cross validation, 
the entire sample set was divided into k subsets with 
equal sizes randomly. In each turn, one subset was used 
as the testing set and the other k-1 subsets were combined 
to train the Boost-PNN method. The final prediction 
result was generated by average the results in each turn. 
 
The total prediction accuracy, the accuracy in each 
location and the Matthew’s Correlation Coefficient (MCC) 
were used to assess of the prediction result. 



 
Denote ijM  as the number of proteins observed in 

location i and predicted in location j, then the total 
number of proteins observed in state i is 
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The total prediction accuracy and the prediction accuracy 
in location i are defined as follows: 
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Matthew’s Correlation Coefficient (MCC) is defined as 
follows: 
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where ip  is the number of correctly predicted 

sequences in location i, in  is the number of correctly 

predicted sequences do not in location i, iu  is the 

number of under-predicted sequences and io  is the 
number of over-predicted sequences. 
 

3 Results 

3.1 Prediction result and comparison 
The prediction results from the Boost-PNN method were 
compared with that of other subcellular localization 
prediction methods. Reinhardt and Hubbard’s dataset 
(1998) was also tested with neural network method, the 
markov chain model (Yuan, 1999), the covariant 
discriminant algorithm (Chou, 1999), and the SVM 
method (Hua & Sun, 2001). All these methods except the 
markov chain model are based on amino acid 
composition alone. The prediction results for eukaryotic 
and prokaryotic proteins were summarized in Table 1 and 
Table 2, respectively. The results of the covariant 
discriminant algorithm, the markov chain model and the 
SVM method were obtained by the jackknife test while 
the results of the neural network method and the 
Boost-PNN method were obtained with cross validation 
test.  
The results showed that the total accuracy of the 

Boost-PNN method was 15.4% higher than that of the 
neural network method and 2.0% higher than that of the 
SVM method for eukaryotic proteins. For cytoplasm and 
nuclear sequences, its prediction accuracies were 27% 
and 16.8% higher than the neural network method, and 
5.1% and 1.4% higher than the SVM method. The results 
of MCC for each subcellular location were also shown in 
Table 1. For the prokaryotic sequences, the total accuracy 
using our method was about 11.8% higher than neural 
network, 6.3% higher than covariant discriminant 
algorithm and 1.4% higher than the SVM method. The 
accuracy of cytoplasm sequences reached up to 98.9%, 
which is 18.9% higher than the neural network method.  
 
The comparison between the Boost-PNN method and the 
SVM method was exciting. The SVM method is widely 
considered as the most powerful single classifier 
algorithm. Except the accuracy of extracellular, all other 
prediction results using the Boost-PNN methods had 
improvement compared with the SVM method. The 
improvement of MCC is more significant than the 
improvement of accuracies. With the Boost-PNN method, 
the MCC of every subcellular location were obviously 
higher than the corresponding one from the SVM method.  
 
Our method was also compared with the markov chain 
model, which was based on the full sequence information 
including the order information while the Boost-PNN 
method was based only on the amino acid composition. 
The total accuracy using our method was 8.4% higher for 
eukaryotic proteins and 3.7% higher for prokaryotic 
proteins. For the eukaryotic and prokaryotic proteins, the 
MCC of each subcellular location using our method is 
significant higher than the corresponding one from the 
markov chain model.  
 
For our new data with 8304 proteins and 8 subcellular 
locations, the total accuracy achieved 83.2%. The values 
of accuracy and MCC for each subcellular location were 
shown in Figure 2. The location with more proteins 
usually has higher accuracy than those with fewer 
proteins. This implicates that sufficient training data will 
help to improve the prediction accuracy.  

 
Figure 2: The prediction result of our new dataset with 8304 
proteins and 8 subcellular locations. The blue bar represents the 
accuracy of a particular subcellular location and the red bar 
represents the MCC value of the corresponding subcellular 
location. The number under the figure is the protein number of 
the corresponding subcellular location. The result is based on 
5-fold cross validation. The boosting iteration number T=50, 



Spread=0.025, the size of the boosting set is 20% of the total 
training set. 
 

3.2 Reliability index 
It is important to know the prediction reliability when 
using machine learning approaches for the predicting the 
protein subcellular localization. One of the common used 
definitions of reliability index is the difference between 
the largest and the second largest output value8, 10. The 
formal formula of RI can be described as follows: 

RI=INTEGER(diff/0.55)  if 0<=diff<=4.95 
RI=9                  if diff>4.95 

 
The RI assignment provides useful information about the 
level of certainty in the prediction for a certain protein 
sequence. The statistical relation between the value of RI 
and the prediction accuracy for eukaryotic proteins is 
shown in Figure 3. Similar curves can be obtained for 
prokaryotic cases (data not shown).  

 
Figure 3. Expected prediction accuracy with a reliability index 
equal to a given value. 
 

4 Discussion and conclusion 

4.1 Parameter selection 

 
Figure 4. Prediction accuracy with different size of the boosting 
set. 
 

There are three parameters needed to be optimized with 
experiments. One is the boosting iteration number T. The 
second one is Spread, the so called “smooth parameter” 
in probabilistic neural network. In our experiments, we 
found the accuracy didn’t have significant change when 
the value of T is larger than 15. When the value of Spread 
is between 0.01 and 0.05, the final accuracy has no 
significant differences. This reflects that boosting 
algorithm is rather robust to the parameter mutation of the 
base classifiers. The third parameter need to be adjusted 
is the size of the boosting set. We have done experiments 
with different boosting set sizes for a large range from 
10% to 90% of the total training samples. For both 
eukaryotic and prokaryotic proteins, the accuracy 
performance of the Boosting-PNN method is not very 
sensitive to the boosting set size for a large range from 
10% to 90%. The prediction accuracy under different 
sizes of boosting sets is shown in Figure 4. 
 

4.2 Further work 
There are several ways to furtherly improve the 
prediction performance. One way is to combine other 
complementary methods. Mitochondrial proteins were 
still not well predicted (61.4%) by the Boost-PNN 
method, although the accuracy has been higher than that 
of all other prediction methods based only on amino acid 
composition. About 22% of the mitochondrial proteins 
were misclassified into cytoplasmic. This reflects that it is 
difficult to discriminate the mitochondrial proteins from 
cytoplasmic proteins due to the similar amino acid 
compositions between the cytoplasmic and mitochondrial 
sequences. Those methods based on sorting signals can 
effectively recognize mitochondrial proteins, but the 
prediction accuracy is sensitive to the errors in the 
N-terminal sequence (Hua & Sun, 2001). In contrary, the 
prediction performance of methods based on amino acid 
composition is robust to the errors in N-terminal sequence. 
Therefore, we believe that a combination of 
complementary methods will improve the prediction 
accuracy.  
The second way in future work is to incorporate other 
informative features, including gene expression profile 
and regulatory pathway information. Drawid and 
Gerstein19 have localized all the yeast proteins using a 
Bayesian system integrating features in the whole 
genome expression data. Some information fusion 
technologies, such as the Meta learning methods20 may be 
used to combine the information from different datasets.  

 

5 Conclusion 
In this paper, a novel method for protein subcellular 
localization prediction is presented. This is the first 
attempt to apply the boosting algorithm in the field of 
genome sequence analysis and protein function prediction. 
This new approach provides superior prediction 
performance compared with existing algorithms based on 
amino acid composition. It is also a complementary 
method to other existing methods based on sorting signals. 
In conclusion, we have developed a powerful and 
effective method for protein subcellular localization 



prediction. It is anticipated that this prediction method 
would be a useful tool for large-scale genome function 
analysis. 
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Neural 

network Markov model SVM Boost-PNN  
Location 

 Accuracy (%) Accuracy (%)  MCC Accuracy(%)   MCC Accuracy(%)  MCC 
Cytoplasmic 55 78.1 0.60 76.9 0.64 82.0 0.71 
Extracellular     75    62.2  0.63    80.0    0.78   74.8  0.81 
Mitochondria     61    69.2  0.53    56.7    0.58   61.4  0.60 
Nuclear     72    74.1  0.68    87.4    0.75   88.8  0.80 
Total accuracy     66    73.0   --    79.4     --   81.4   -- 

Table 1: The comparisons of different methods for the eukaryotic sequences. The result of neural network model and Boosting-PNN 
model are given by cross validation. The Markov model and SVM results were given by the jackknife (leave one out cross 
validation). Here, the boosting number T=30, Spread=0.025. The size of boosting set is 30% of the total training set.  
 
 
 
 

 
Neural 

network 
Covariant 

discrimination Markov model SVM Boost-PNN 
 

Location 
 

Accuracy 
(%) 

Accuracy 
(%)  

Accuracy MCC 
(%)   

Accuracy   MCC 
(%)  

Accuracy   MCC 
(%) 

Cytoplasmic 80     91.6 93.6 0.83   97.5 0.86 98.9 0.90 

Extracellular    77     80.4 77.6  0.77   75.7 0.77 80.4 0.81 
Periplasmic    85     72.7 79.7  0.69   78.7 0.78 78.7 0.81 

Total accuracy    81     86.5 89.1   --   91.4  -- 92.8 -- 

Table 2 : The comparisons of different methods for the prokaryotic sequences. The result of neural network model and 
Boosting-PNN model are given by cross validation. The Markov model and SVM result were given by the jackknife (leave one out 
cross validation). Here, the boosting number T=30, Spread=0.03. The size of boosting set is 20% of the total training set. 
 


