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Abstract 

Proteins play many roles in the body, and the task of understanding how proteins function 

is very challenging. Determining a protein’s location within the cell (also referred to as the 

subcellular location) helps shed light on the function of that protein. Protein subcellular location 

can be inferred through experimental methods or predicted using computational systems. In 

particular, we focus on two existing computational systems, namely EpiLoc and HomoLoc, that 

use features derived from text (abstracts of technical papers), and apply a support vector machine 

(SVM) classifier to classify proteins into their respective locations. Both EpiLoc and HomoLoc’s 

prediction accuracy is comparable to that of state-of-the-art protein location prediction systems. 

However, in addition to accuracy, other factors such as training efficiency must be considered in 

evaluating the quality of a location prediction system. In this thesis, we replace the SVM 

classifier in EpiLoc and HomoLoc, by a naïve Bayes classifier and by a novel classifier which we 

call the Mean Weight Text classifier. The Mean Weight Text classifier and the naïve Bayes 

classifier are simple to implement and execute efficiently. In addition, naïve Bayes classifiers 

have been shown effective in the context of protein location prediction and are considered 

preferable to SVM due to clarity in explaining the process used to derive the results. Evaluating 

the performance of these classifiers on existing data sets, we find that SVM classifiers have a 

slightly higher accuracy than naïve Bayes and Mean Weight Text classifiers. This slight 

advantage is offset by the simplicity and efficiency offered by naïve Bayes and Mean Weight 

Text classifiers. Moreover, we find that the Mean Weight Text classifier has a slightly higher 

accuracy than the naïve Bayes classifier. 
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Chapter 1 

Introduction 

1.1 Motivation and Background 
Proteins play many roles in the body and are termed the chemistry of life (Solomon, 

2002). For instance, proteins help increase the rate of food digestion, are fundamental 

components in muscles, help defend the body against bacterial infections and more (Solomon, 

2002). Proteomics is a field of study that aims to understand how proteins function, the role and 

purpose of every protein (Brower, 2001; Eisenhaber & Bork, 1998). 

Many sources of information are used to understand protein function. Proteins are 

produced and regulated by genes. The entire set of genes for an organism is known as the 

genome. In 2001, the human genome was sequenced (Lander et al., 2001; Venter et al., 2001). 

This effort leads to an unprecedented increase in the amount of biological data which has been 

used as a tool to understand the role and purpose of proteins. Since this task is very challenging, 

multiple approaches are needed to address it. One approach is to determine a protein’s subcellular 

location, as a step toward determining a protein function. Subcellular location refers to the 

location within a cell where a protein carries out its function: some proteins are embedded in the 

cell membrane, others are in the cell nucleus and still others float freely in the cytoplasm. Current 

methods of determining subcellular location distinguish between roughly a dozen different 

cellular locations; this is discussed further in Section 2.1. There is a close connection between a 

protein’s function and its subcellular location.  
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Protein subcellular location can be determined through experimental methods or 

predicted through computational techniques. Experimental techniques are carried out in wet labs; 

examples include green fluorescent tag (Hua & Sun, 2001) and immunolocalization (Kumar et al., 

2002). Divide-and-identify (Foster et al., 2006) is a recent experimental technique which 

fractionates and identifies an extracted subcellular component using a centrifuge and a mass 

spectrometer. These techniques are highly effective, but they are time-consuming, expensive and 

labour intensive. 

Computational techniques provide an additional source of information to better direct 

experiments. Computational systems use features derived from the proteins and a classifier to 

predict the protein’s subcellular location. Examples of computational systems for predicting 

subcellular location are PSORT (Nakai & Kanehisa, 1992), TargetP (Emanuelsson et al., 2000), 

PLOC (Park & Kanehisa, 2003) and MultiLoc (Höglund et al., 2006). The features derived from 

proteins are not always reliable predictors of protein subcellular location; therefore there is 

ongoing research in finding additional methods.  

A protein’s subcellular location can be predicted based on existing knowledge about the 

subcellular location of related proteins. One type of existing knowledge is the text (abstracts) 

from biomedical journals. Later in the thesis in Section 3.1 we describe how to find relevant 

publications; we refer to associated publications as “text associated with a protein”. Various 

computational systems make use of text associated with a protein, including LocKey (Nair & 

Rost, 2002), as well as EpiLoc and HomoLoc (Brady & Shatkay, 2008). Comparison of system 

performance has shown that the EpiLoc and HomoLoc systems predict location as accurately (or 

more accurately for some locations) as the computational systems using protein features (Brady 

& Shatkay, 2008). 
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Various factors must be considered in evaluating the quality of a system that predicts 

protein subcellular location. Of course, accuracy of the location prediction is very important. 

Other factors include execution time and explainability of the results. For instance, in the context 

of protein prediction, the naïve Bayes classifier has been shown to be preferable to support vector 

machines by two groups (Briesemeister et al., 2010; Lu et al., 2004), due to the following reasons. 

First, the derivation of the results using the naïve Bayes classifier is easy to understand; the naïve 

Bayes classifier is described as a white-box classifier. When using a white-box classifier, it is 

easy for the software to provide a human understandable explanation and justification of the 

results, because the classification process used to derive the results is clear and simple. Figure 1.1 

is an example of providing evidence to support a prediction from a computational system using 

the naïve Bayes classifier. Second, the naïve Bayes classifier handles multi-class prediction 

directly. Last, the naïve Bayes classifier has a better training time compared to the support vector 

machines. For all these reasons, the developers of the MultiLoc system replaced MultiLoc’s 

original classifier (support vector machine) with a naïve Bayes classifier. They found that the new 

classifier, YLoc, led to a slight loss in performance (Briesemeister et al., 2010). However, they 

believe that explaining why a protein belongs to a certain subcellular location, with evidence, 

clearly influences the users’ trust in the results (Briesemeister et al., 2010). 

Prediction: 
Nucleus: 0.71 
Cytoplasm: 0.20 
Lysosomal: 0.09 

Features contributing 
to prediction: 

• DNA bind 
• Helix 
• Loop-helix 

Figure 1.1: In this example the computational system predicts the protein is most likely to be in the
nucleus. To make the prediction more trust-worthy, we can illustrate the top contributing features (terms)
that led the computational system to its classification decision. Furthermore, we can show the abstract that
is associated to the protein of interest. 
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Motivated by this result, we investigate whether we can obtain similar results by 

undertaking similar classifier replacement in the text-based location-prediction systems. In 

addition, while implementing the naïve Bayes classifier we developed a novel type of text 

classifier which we call the Mean Weight Text classifier (Section 3.3). The Mean Weight Text 

classifier is simple to implement and efficient. 

1.2 Thesis Objectives and Contributions 
The objective of this thesis is to test whether modification of two text-based classifiers 

for predicting protein subcellular location (EpiLoc and HomoLoc) result in similar performance 

to those observed when modifying the MultiLoc system. As was done for MultiLoc, the 

modification is to replace the existing classifiers by naïve Bayes classifiers. Extensive testing and 

results analysis is carried out, using a variety of data sets. 

The following contributions are made. 

1. We modify the protein representation used in EpiLoc and HomoLoc, so that it can be 

used with a naïve Bayes classifier. In our experiment with implementing the naïve Bayes 

classifier, we try two methods (parameterized distribution and discretization) when 

handling continuous value attributes to estimate the likelihood. We find the discretization 

method to be more suitable.  

2. We then implement the updates to the EpiLoc and HomoLoc systems by replacing the 

classifiers with the naïve Bayes classifier. We name the new systems EpiLocNB and 

HomoLocNB with respect to EpiLoc and HomoLoc systems. Furthermore, we introduce 

a novel classifier called the Mean Weight Text classifier in Section 3.3. The Mean 

Weight Text classifier was developed while we were building the naïve Bayes classifier. 

The Mean Weight Text classifier performs at almost the same level (or sometimes better 
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for some subcellular locations) than the original support vector machine classifier. 

Similar to the implementation of EpiLocNB and HomoLocNB, we replace EpiLoc and 

HomoLoc’s classifier with the Mean Weight Text classifier and we name the new 

systems EpiLocMWT and HomoLocMWT, respectively. The implementations for the 

four classifiers are made publicly available with detailed documentations provided in 

Appendix D. 

3. We provide a detailed performance assessment for using the naïve Bayes classifier and 

Mean Weight Text classifier.  We find that change in the classification architecture leads 

to mixed results with respect to classification accuracy. For both new classifiers, we find 

that accuracy is improved on large data sets. However, the support vector machine 

classifier performs slightly better than the Mean Weight Text classifier and better than 

the naïve Bayes classifier on small data sets. However, the advantages of naïve Bayes 

classifiers remain: explanations can be provided more easily, multi-class prediction is 

handled directly and training is shorter than for the support vector machines. 

1.3 Thesis Outline 
We present background information in Chapter 2 and details on implementing our four 

new systems (EpiLocNB, EpiLocMWT, HomoLocNB and HomoLocMWT) in Chapter 3. In 

Chapter 4, we present the results of running EpiLocNB and EpiLocMWT on the same data sets 

used before for evaluating the EpiLoc and MultiLoc systems, namely: the TargetP, PLOC, 

MultiLoc and the Diff48 data sets and compare the performance to that of TargetP, PLOC, 

MultiLoc and EpiLoc systems. Furthermore, we present the results of running HomoLocNB and 

HomoLocMWT on the MultiLoc data set and compare the performance to that of HomoLoc 

system. Last we conclude our findings and propose future work in Chapter 5.  
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Chapter 2 

Background and Related Work 

In this chapter, we present background information about proteins and the approaches 

used to infer and predict protein subcellular location. We begin with background information and 

motivation for studying proteins (Sections 2.1 and 2.2). This background information is essential 

in understanding the objectives and the techniques that are used to infer and predict protein 

subcellular location. Experimental approaches and computational methods are presented in 

Section 2.3. Last, in Section 2.4, we discuss two classifiers: support vector machines and naïve 

Bayes classifiers. In this thesis, we experiment with changing the classifier in two existing 

systems for protein subcellular localization prediction (EpiLoc and HomoLoc), replacing their 

support vector machines component by a naïve Bayes classifier. Results of these experiments are 

reported in Chapter 4. 

2.1 Introduction to Proteins 
Proteins play many roles in the human body. For example, proteins form enzymes and 

increase the rate of food digestion (Solomon, 2002). In addition, proteins are the fundamental 

components in muscles which enable human being to generate movements (Solomon, 2002). 

Proteins also play a role in defending the body against bacterial infections in the form of 

antibodies and immunoglobin (Solomon, 2002). 
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Proteins are made of many amino acids linked together in a chain. There are twenty 

different amino acids whose chemical and physical properties vary (Voet, 2004). Any protein that 

is produced has two ends: the C-terminal and the N-terminal as shown in Figure 2.1. Later in this 

chapter, we discuss computational systems that use features found in the N-terminal to predict 

protein subcellular location.  

C

H

COO-NH2
+ 

R1

NH2
+ C

H

R2

O

COO- +

Amino Acid 1 Amino Acid 2

H2O 

C

H

CNH2
+ 

R1

N

H

C

H

COO-

R2

N-terminal C-terminal 

Figure 2.1: Two amino acids are joined with the removal of water
(H2O) to produce a protein. One end of the protein with the NH2

+ is
the N-terminal and the other end with the COO- is the C-terminal
end. 

To understand how proteins are created from genes1, we refer to what is known as the 

Central Dogma of molecular biology (Watson et al., 2008). There are two major steps in creating 

 
1 Genes contain essential information to build and maintain the basic unit of life (cell). 
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proteins from genes (Watson et al., 2008). The first step is transcription, in which a portion of the 

DNA is copied to a template called mRNA (messenger ribonucleic acid). The mRNA molecules 

are transported to the outside of the nucleus in preparation for the second step. The second step, 

translation, takes place on the ribosomes here the messenger ribonucleic acid strand is translated 

into a protein sequence by joining many amino acids. According to lab experiments, three 

nucleotide bases translate into one amino acid, as illustrated in Figure 2.2. The formed protein is 

transported to one of many possible locations in the cell. There are 11 main subcellular locations 

for eukaryotes which are listed in Table 2.1 (Solomon, 2002). 

Subcellular Location Description 
Nucleus Information in DNA is transcribed in RNA 

synthesis. 
Plasma membrane Encloses cellular contents and regulates movements 

of materials in and out of cell. 
Endoplasmic reticulum (ER) Synthesizes lipids and modifies many proteins. 
Golgi apparatus Packages secreted proteins; sorts proteins to vacuole 

and other organelles. 
Lysosomes Contain enzymes to break down ingested materials. 

(animal) 
Vacuoles Stores materials, wastes, water; maintains 

hydrostatic pressure. (plants) 
Peroxisomes Site of many diverse metabolic reactions. 
Mitochondrion Site of reactions of cellular respiration; makes 

energy. 
Chloroplasts Site of photosynthesis; make energy. (plant) 
Extracellular Space The region outside the cell membrane. 
Cytoplasm The fluid inside a cell but outside the cell’s nucleus; 

most chemical reactions take place in cytoplasm. 

Table 2.1: Description of 11 subcellular locations in eukaryotes. 
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Gene Sequence T A C T T A G C C A C T 

Transcription ↓ ↓ ↓ ↓ ↓ ↓ ↓ ↓ ↓ ↓ ↓ ↓ 

mRNA A U G A A U C G G U G A 

Translation  ↓   ↓   ↓   ↓  

Protein Sequence Met Asn Arg Stop 

Figure 2.2: An example of a gene sequence that is transcribed into an mRNA sequence by transcription. 
The mRNA sequence is then translated into a chain of amino acids, namely, the protein sequence. Each 
individual amino acid is coded by three nucleotides in the messenger ribonucleic acid. 

2.2 The Study of Genes and Proteins (Genomics and 

Proteomics) 
As part of the study of proteins, biologists are interested in determining the complete set 

of genes for various species. A breakthrough came on February 16, 2001 when the first draft of 

the human genome was published (Lander et al., 2001; Venter et al., 2001). The number of genes 

is approximately 25,000, which is less than anticipated and is roughly 10,000 to 20,000 more than 

in the fruit-fly and the roundworm respectively (Brower, 2001). The current belief is that the 

complexity of humans lies in proteins rather than genes. Hence, the key to understanding the 

health and disease within an organism is to understand how its proteins function (Brower, 2001).  

Proteomics is about the study of where each protein is located in a cell, when the protein 

is present and for how long and with which other proteins it is interacting. Ultimately the 

objective is to connect all the information about proteins and know the function of each protein. 

Using bioinformatics tools, researchers are trying to build a dynamic view of activities taking 

place inside a cell. Subfields within the area of proteomics include the study of protein structure, 

the interaction of proteins, the prediction of protein subcellular location and more (Brower, 2001).  
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In this thesis, our interest is determining a protein’s subcellular location: we wish to 

predict where proteins in eukaryotic cells are located. By understanding the protein’s location, the 

location provides cues about its function (Eisenhaber & Bork, 1998).  

Protein subcellular location prediction can be divided into two categories, based on the 

type of organism, namely prokaryote and eukaryote. Prokaryotes are single cell organisms 

without a nucleus (Solomon, 2002). There exist computational systems that predict protein 

subcellular locations for prokaryotes and the performance from these computational systems now 

rivals certain high-through put laboratory methods for prediction protein subcellular location (see, 

for instance, survey by (Gardy & Brinkman, 2006)). Eukaryotes are more complex than 

prokaryotes; Eukaryotic cells have a nucleus, and are part of multi-cellular organisms (Solomon, 

2002). Many researchers have attempted to predict protein location in eukaryotes (see, for 

instance, survey by Donnes & Höglund, (2004)) and there is interest in improving these systems 

further. 

2.3 Methods for Inferring and Predicting Protein Subcellular 

Location 
Many methods have been devised for predicting protein subcellular location. Naturally, 

none of these methods is perfect. Below we review the strengths and weaknesses of the following 

methods: experimental methods in molecular biology, computational systems using protein 

features, and computational systems using text as features. 

2.3.1 Experimental Methods in Molecular Biology 

Experimental methods for protein localization are carried out in a laboratory using 

methods such as immunolocalization, green fluorescent tag (GFT) and a method that uses a 
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centrifuge and mass-spectrometer, known as divide-and-identify. Compared to the computer-

based methods reviewed in Sections 2.3.2 and 2.3.3, experimental methods observe and infer 

where proteins are located, but the approach is labour intensive and time consuming.  

For the immunolocalization method, the target protein is tagged with a peptide known as 

an epitope (Kumar et al., 2002). The epitope acts as a bond on which other proteins can bind. 

Proteins that have been altered to emit fluorescent light can bind to the epitope, allowing 

researchers to observe the protein.  

Green fluorescent tag is an alternative to immunolocalization. It differs from 

immunolocalization by having the fluorescent tag, which is a protein in-and-of-itself, attached 

directly onto the protein of interest as part of its sequence. Experiment using green fluorescent 

tagging is used to observe protein subcellular location for yeast (Huh et al., 2003). Results show 

that location prediction with green fluorescent tags can yield high determination rates.  

The divide-and-identify is a recent experimental approach in which researchers isolate 

and purify an organelle2. This organelle can be the mitochondrion, Golgi complex and many other 

locations. After isolating the organelle, the residue is fractionated using a centrifuge. The 

fractionated residue is then examined using a mass spectrometer. The mass spectrometer 

identifies the proteins which are located in the organelle. The divide-and-identify method has 

been used to build a mammalian organelle map using mouse liver cells (Foster et al., 2006).  

Analysis of Experimental Methods 

Unfortunately, all three experimental methods have their drawbacks. We first discuss the 

drawbacks for immunolocalization and green fluorescent tag. Then, we continue with the 

drawbacks of the divide and identify method.  
 

2 An organelle is a subcellular structure that has a specific job to perform in a cell. 
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Both the immunolocalization and green fluorescent tag methods involve placing a foreign 

amino acid sequence as a tag onto the protein. However, this foreign amino acid sequence may 

disrupt the protein’s normal functionality and three-dimensional structure (Simpson & 

Pepperkok, 2006). To minimize the disruption, researchers try placing the tag at the end instead 

of within protein sequence (Simpson & Pepperkok, 2006). Attempts have been made placing a 

tag onto the N-terminal and C-terminal; however, placing a tag onto the N-terminal can disrupt 

the targeting sequence peptide. Studies also show that the C-terminal may have an important role 

in the proper function and regulation of a protein. Hence, placing a foreign amino acid there may 

disrupt the function of a protein.  

Another issue arises with immunolocalization and green fluorescent tag methods. In order 

to actually observe the fluorescence protein, these methods require the protein concentration to be 

above a minimal level; that level may be higher than the naturally-occurring concentration of the 

protein, meaning that the tagged protein must be over expressed (Huh et al., 2003). A cell is a 

dynamic system and acts differently under different concentration of proteins. If the protein of 

interest is over expressed and saturated, then the protein may alter the cell’s normal activity. This 

may result in changes of where the protein is distributed. Alternatively, one can use small 

amounts of protein, but the small amount of protein may not be detected by the fluorescent 

microscope.  

The main issue with the divide-and-identify method is that it requires a highly purified 

extract of the organelle content. From the divide-and-identify method, before a residue is 

fractioned and identified it is important that the organelle content is pure. To achieve a high 

degree of homogeneity, much biochemical separation is needed (Simpson & Pepperkok, 2006). 

This in essence will lead to the loss of valuable material.  
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The main issue with experimental methods is the time it takes to carry out the 

experiments. All three techniques require experts to work on individual proteins. Due to these 

limitations, computational systems are built in an attempt to predict protein subcellular location 

using protein features and a classifier. 

2.3.2 Computational Systems Using Protein Features 

Computational systems can be classified by the type of features they use to predict 

protein subcellular location and by the machine learning method they employ (Donnes & 

Höglund, 2004). There are many types of computational systems (Donnes & Höglund, 2004), of 

which we review three: systems that use terminal sequence peptides, amino acid composition and 

a hybrid which uses a combination of protein features. 

Systems Using Targeting Sequence Peptide 

Some computational systems use features extracted from targeting sequence peptides to 

predict protein subcellular location. Targeting sequence peptide directs where a protein is 

transported and it is located on the N-terminal. For instance, a protein that is transported to the 

chloroplast is guided by chloroplast transit peptides. We now introduce two computational 

systems that use targeting sequence peptides: ChloroP (Emanuelsson et al., 1999) and TargetP 

(Emanuelsson et al., 2000). 

The ChloroP system uses artificial neural networks as its classifier. Each protein is 

represented as a feature vector, where the features are derived from the chloroplast transit 

peptide. When given a protein from a plant, the ChloroP system predicts whether the protein 

location is the chloroplast or not chloroplast. The locations under the not chloroplast category are 

mitochondrion, secretory pathway, cytoplasm and nuclear. 
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The successor of ChloroP, named TargetP, also uses artificial neural networks as the 

classifier. Moreover, like the ChloroP system, each protein is represented as a feature vector 

which is derived from targeting sequence peptides. However, the TargetP system not only 

searches for chloroplast targeting sequence peptides, but also mitochondrial targeting sequence 

peptides and signal peptides. Mitochondrial targeting sequence peptides help guide proteins to 

the mitochondria and signal peptides help guide proteins to the secretory pathway. If a protein is 

from a non-plant organism, then the TargetP system predicts whether the protein location is 

mitochondria, signal peptides or others. If the protein is a plant protein, the TargetP system 

predicts whether the protein location is mitochondria, secretory pathway, chloroplast or others. 

The secretory pathway location includes proteins from the endoplasmic reticulum, extracellular 

space, Golgi apparatus, lysosome, plasma membrane and vacuole. The “others” is not a location 

but a combination of proteins from the cytoplasm and nucleus. 

The TargetP system has an accuracy of 85% for plants and 90% for non-plants on the 

TargetP data set. However, the TargetP system is not specific enough in its subcellular location 

categorization. A eukaryotic cell has 11 main subcellular locations and the TargetP system only 

distinguishes three or four subcellular locations. In addition, possibly the biggest limitation of 

targeting sequence peptide systems is that the N-terminal sequence assignment is not always 

needed for a protein to be transported to its subcellular location (Hua & Sun, 2001). Thus, the two 

systems mentioned above will be inaccurate in protein subcellular location prediction when the 

signals are missing. Furthermore, there is a lack of targeting sequence that can be used to 

distinguish other major subcellular locations.  
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Systems Using Amino Acid Composition 

Some computational systems use the percentage of each amino acid from the protein 

sequence as features to predict where proteins are located. For example, Reinhardt and Hubard 

(1998) built the NNPSL system using an artificial neural network and amino acid composition. 

Their goal was to determine whether the difference in amino acid composition between proteins 

from different subcellular locations is significant enough to establish a prediction method. 

Similarly to the TargetP system, the NNPSL system uses four subcellular locations in its 

predictions. The NNPSL system has an overall prediction accuracy of 66.1% on the NNPSL data 

set. The NNPSL system did not train and test on either TargetP or ChloroP data set. Hence, there 

is no fair assessment as to which system has a better performance. The main contribution of 

Reinhardt and Hubard’s work is the data set they built and the confirmation that they obtained 

that amino acid composition is an additional method that can be used to predict a protein’s 

location.  

Different types of computational systems have been built with the same features derived 

from amino acid composition by using various machine learning methods in attempt to improve 

on performance (Hua & Sun, 2001). The best results came from the SubLoc system, which uses a 

support vector machines to predict a protein’s subcellular location based solely on amino acid 

composition (Hua & Sun, 2001). They train and test the SubLoc system with the same data set 

and split (jackknife test) as Reinhardt and Hubard and find the SubLoc system performs better 

than the NNPSL system. The SubLoc system is able to predict protein location with an accuracy 

of 91% using four subcellular locations from the jackknife test on Reinhardt and Hubard’s data 

set. However, there is still the issue that it only predicts protein location for four subcellular 

locations. 
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Similar to the SubLoc system, a system named PLOC (Park & Kanehisa, 2003) uses 

support vector machines (Cortes & Vapnik, 1995) and amino acid composition to predict protein 

subcellular location. The PLOC system differs from the SubLoc system by having an increased 

number of subcellular locations covered. The developers of PLOC use a data set that covers 12 

protein subcellular locations; they use this data set to train and test the PLOC system. In addition, 

their system introduces a novel way of analyzing amino acid composition. Instead of analyzing 

the percentage of each amino acid, the PLOC system counts the frequencies of both individual 

amino acids and consecutive pairs of amino acids that appear within the sequence. The PLOC 

system did not compare its performance against the TargetP, ChloroP, NNPSL or SubLoc 

systems. Thus, it is difficult to assess whether the PLOC system performs better than the 

previously mentioned systems. However, on the PLOC data set, the PLOC system achieves an 

overall accuracy of 78.2% with a five-fold cross-validation test and the system categorizes 

proteins into 12 subcellular locations.  

Protein subcellular location systems that only use the amino acid composition have the 

following limitations. Proteins with similar amino acid composition cannot be effectively 

categorized to their subcellular location (Hua & Sun, 2001). For instance, two protein sequences 

A and B with different amino acid composition may still be transported to the same subcellular 

location. Amino acids from protein sequence A and B may be different in the same amino acid 

position; however, those amino acids in protein sequence A can be substituted by amino acids of 

similar properties to those in protein sequence B. 

Systems Using Multiple Protein Features 

An alternative to using a single information source is to use multiple information sources. 

One of the first systems to predict protein subcellular location using multiple information sources 
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is PSORT (Nakai & Kanehisa, 1992). PSORT is an expert system which is a collection of if-then 

rules based on expert knowledge used to predict protein subcellular location. As more data is 

gathered after building their system, the system got more difficult to update because it is both 

time consuming and labour intensive. To resolve the limitation of PSORT, the developers of 

PSORT extended their system and built WoLF PSORT (Horton et al., 2007). The WoLF PSORT 

system derives its features from a combination of targeting sequence peptides and amino acid 

composition. As for WoLF PSORT’s classifier, the k-nearest neighbour is implemented to train 

and test on a data set gathered by the developers of WoLF PSORT. The WoLF PSORT system 

did not train and test on the previously mentioned data sets. Hence, it is not possible to compare 

WoLF PSORT directly with the previous systems. On the WoLF PSORT data set, the WoLF 

PSORT system performs 73%, 77%, 83% on the yeast, plant and animal data sets using five-fold 

cross-validation. 

The MultiLoc system was built almost a decade later (Höglund et al., 2006). It is also a 

hybrid system that uses support vector machines as its classifier and multiple protein features to 

predict a protein’s subcellular location. The MultiLoc system consists of four components: 

SVMaac – a classifier based on amino acid composition; SVMTarget – a classifier based on the 

targeting peptide; SVMSA – a classifier that checks for presence or absence of signal anchors in 

the sequence and motifSearch – a system that matches distinctive recurrent molecular sequences 

to databases with motifs3 that have known subcellular locations. SVMaac is similar to earlier 

amino acid composition systems. It calculates the fraction of each amino acid with respect to the 

protein sequence. The objective of SVMTarget is similar to that of the TargetP system. 

SVMTarget searches the N-terminal area of the protein to identify targeting peptides and thus 

 
3 Motif is a distinctive and recurrent pattern on the molecular sequence. 



 

18 

 

predict protein location as one of three or four categories on non-plant and plant respectively. 

SVMSA is a special system that only searches for signal anchor sequences which are present in 

membrane proteins of the secretory pathway. The motifSearch scans the protein for certain motifs 

and tries to match with known motifs that are found in PROSITE (Hulo et al., 2004) and in 

NLSdb (Nair et al., 2003). The MultiLoc system combines the results from the components and 

trains yet another support vector machine to make the final location prediction. A modified 

version of MultiLoc called TargetLoc is compared to the TargetP system by training and testing 

on the TargetP data set with five-fold cross-validation. The TargetLoc system differs from the 

MultiLoc system by not having the SVMSA component. The TargetLoc system achieves 89.7% 

and 92.5% on TargetP plant and non-plant data set respectively. Furthermore, the MultiLoc 

system trained and tested on a data set that the developers of MultiLoc gathered which covers the 

10 main subcellular locations excluding cytoskeleton. The overall accuracy of the MultiLoc 

system on animal, plant and fungal on the MultiLoc data set is about 75%.  

A modified version of the MultiLoc system named TargetLoc has shown better 

performance than the TargetP system on the TargetP data set. Aside from performance 

differences, the above systems that uses multiple protein features reduces the reliance on 

individual protein features. Although the multiple protein feature systems perform well, there is 

still room for improvement. All the above classification information has been derived from 

protein sequences, it has been suggested other classification information can be derived and used 

as features for predicting protein subcellular location. 

2.3.3 Location Prediction Systems Using Text 

The last type of computational system that we review here uses features derived from 

text, which is found in biomedical publications. There are many reasons for using text. For 
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instance, while the protein sequence consists of the raw material, according to Eisenhaber and 

Bork (1999), important information about the protein lies in various areas such as:  

“(i) the experimental data with respect to biochemical function, 
expression profiles, cellular and physiological impact, (ii) 
computed structural functional predictions, (iii) literature 
references as well as (iv) human expert input”. 

Before we discuss systems using text to predict protein subcellular location, we describe 

the techniques in information extraction used to build a data set for training and testing. There is a 

lot of information in the form of text that is not being used. One of the challenges in using text as 

information is that the information is not represented in structural format. Craven and Kumlien 

(1999) attempt to build a fast and accurate method that maps scientific text sources into a 

structured representation. One of the challenges that Craven and Kumlien discuss in their work is 

the limitation of machine-learning approach that relies on labelled training examples from human 

experts. The process of labelling examples is time consuming. They suggest another way to use 

existing databases to label training examples which consists of three steps. The first step is to find 

a database that has instances of target relation, the second step is to associate the instances with 

text and the last step is to divide and label the documents into training instances. At present, many 

protein subcellular location prediction systems have adopted this method to label training 

examples when using text as features (Brady & Shatkay, 2008). 

Stapley et al. (2002) created a system that uses text features to represent proteins, and 

classifies them using support vector machines, in order to predict protein subcellular location. 

Their system uses documents from Medline abstracts to represent proteins. They scanned 

Medline documents for occurrences of yeast gene naming terms. The terms that they used are 

gathered from the Yeast Genome Database (Cherry et al., 1998). For each protein, if any of the 

Medline documents contain an occurrence of the gene name then the Medline document is used 
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to represent the protein. They claim that their system’s performance is comparable to the systems 

that use amino acid composition as features. However, they do not compare the performance of 

their system to other state-of-the-art protein subcellular location prediction systems.  

Nair and Rost (2002) created a system called LocKey, based on the idea that experts are 

capable of predicting the location of a protein based on a few keywords. To predict protein 

subcellular location, the LocKey system uses keywords from the Swiss-Prot database. Each 

protein in Swiss-Prot has keywords that are assigned to the protein by curators. Curators are 

experts who organize and maintain the research material that is used to describe a protein entry. 

To avoid duplicating the representation of a protein, the keywords of proteins that are 

homologous are merged. According to the developers of LocKey, they claim that their system 

yields high accuracy but low coverage. They LocKey system has an accuracy of 87% when 

evaluated on five-fold cross-validation for 10 main subcellular locations excluding cytoskeleton 

on the LocKey data set. However, to achieve this accuracy only one fourth of the proteins from 

the data set can be classified leaving three quarters the proteins not classified. Nair and Rost 

(2002) explained that the main caused for the lack of coverage is because many keywords found 

in the testing set were not present in the training set. Similar to the system developed by Stapley 

et al., the performance of the LocKey system is not compared to the performance of other systems 

that predict protein subcellular location. 

Brady and Shatkay (2008) developed a system called EpiLoc that uses features based on 

text associated with proteins, and support vector machines as the classifier to predict where a 

protein is located. In the EpiLoc system, the approach used to gather text and represent proteins is 

different from that of Stapley et al. and the LocKey systems. Unlike the LocKey system, this 

system uses the abstracts that are referenced in the protein’s Swiss-Prot entry. This adjustment 
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resolves the issue that the LocKey system has insufficient text to represent test proteins. After 

associating proteins with abstracts, the abstracts are parsed into terms, and feature selection is 

applied to find the most distinguishing terms which are associated with the proteins. Unlike the 

two previously mentioned text-based systems, EpiLoc’s performance is compared with that of 

TargetP, PLOC and MultiLoc systems (Brady & Shatkay, 2008). For a fair comparison, the 

EpiLoc system is trained and tested on each system’s comparison data set. The results show the 

EpiLoc system performs comparable and sometimes better than the TargetP, PLOC and MultiLoc 

systems. Although the EpiLoc system performs well, there is an issue that it cannot predict 

subcellular locations for proteins that have no references in the Swiss-Prot database.  

To resolve this issue, HomoLoc (Brady & Shatkay, 2008), PubLoc (Brady & Shatkay, 

2008) and DiaLoc (Brady & Shatkay, 2008) were built. HomoLoc resolves this problem by using 

text from proteins that are homologous to the protein of interest. An alternative is PubLoc. 

PubLoc obtains its text by using gene name to do a query search from PubMed: it retrieves the 

top five most recent abstracts and uses them as a source of text. The last system is DiaLoc, which 

takes the user input as a source of text. This system allows the user to enter some text that 

describes their protein of interest. The text entered is used to predict protein subcellular location. 

All three systems were tested with a data set that does not have abstracts associated to the 

proteins. Experiments on this data set show that the HomoLoc system performs best (Brady & 

Shatkay, 2008). Although these systems perform well, there is still room for improvement.  

During the development of the EpiLoc, HomoLoc, PubLoc and DiaLoc systems, a system 

called SherLoc (Shatkay et al., 2007) was built which is an integration of an early proto-type of 

EpiLoc with the MultiLoc system. The integrated system SherLoc performs better than each of its 

individual components (Shatkay et al., 2007).  
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The team that developed MultiLoc experimented with replacing the support vector 

machine classifier by a naïve Bayes classifier. They report that they have achieved a slight 

decrease in performance after replacing their classifier using the naïve Bayes classifier 

(Briesemeister et al., 2010). However, they believe that explaining why a protein belongs to a 

certain subcellular location with evidence clearly influences the users’ trust in the results 

(Briesemeister et al., 2010). In addition, the naïve Bayes classifier is known to be simple and 

efficient (Pavlov et al., 2004). With these results and the benefits of the naïve Bayes classifier in 

mind, we want to find out whether modification of two text-based classifiers for predicting 

protein subcellular location (EpiLoc and HomoLoc) result in similar performance to those 

observed when modifying the MultiLoc system. In this thesis research, we replace the classifier 

of the EpiLoc and HomoLoc systems with the naïve Bayes classifier; we denote the resulting 

systems as EpiLocNB and HomoLocNB, respectively. In Chapter 3 we describe how we replace 

the EpiLoc and HomoLoc classifiers. To provide further motivation for this work, we summarize 

below research concerned with text-categorization, comparing support vector machines and naïve 

Bayes classifiers when applied to classifying text documents. 

2.4 Text Categorization: Machine Learning Methods 
Text categorization is a field whose objective is the classification of documents into a 

fixed number of predefined categories. Using machine learning methods, the objective is to have 

the classifier learn from examples, and then perform the category assignment automatically. We 

first review work that compares the performance of many classifiers including the support vector 

machines and the naïve Bayes classifier on a set of binary text classification experiments 

(Joachims, 1998). In the experiment, the systems are tested on two data sets, and in both cases it 

is found that the support vector machines perform significantly better than the naïve Bayes 



 

23 

 

classifier (Joachims, 1998). However, the naïve Bayes classifier has a better training time than the 

support vector machines (Joachims, 1998). 

About two years later, a similar experiment was performed (Y. Yang & Liu, 1999). The 

experiment’s objective is to compare five text categorization methods: support vector machines, 

k-Nearest Neighbour classifier, a neural networks approach, the Linear Least square Fit mapping 

and a naïve Bayes classifier (Y. Yang & Liu, 1999). Unlike work by Joachims (1998), this 

experiment focuses on observing the performance of each classifier as a function of the training 

set category frequency, and analyzes the robustness of classifiers in dealing with a skewed 

distribution (Y. Yang & Liu, 1999). It was found that the support vector machines, k-Nearest 

Neighbour, and Linear Least square Fit mapping perform significantly better than the artificial 

neural network and the naïve Bayes classifier when the number of training examples is small (less 

than 10 documents per category) (Y. Yang & Liu, 1999). However, it was found that all the 

machine learning methods perform at a similar level when the number of training examples is 

large (more than 300 documents per category) (Y. Yang & Liu, 1999).   

Last, we present a paper that compares support vector machines and naïve Bayes 

classifier on multiclass text categorization (Rennie & Rifkin, 2001). Similar to Joachim’s study, 

this work finds that support vector machines perform significantly better than the naïve Bayes 

classifier when the number of training examples is small (Rennie & Rifkin, 2001). However, the 

difference in performance is small when the number of training examples is large (Rennie & 

Rifkin, 2001).  

From this literature, we expect a somewhat poorer performance if we replace the SVM 

classifiers in EpiLoc and HomoLoc with naïve Bayes classifiers. However, we would like to 

investigate whether the difference is substantial or even significant. While classification accuracy 
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is important, other factors are also important in evaluating a classifier. Training time is an issue as 

the number of training documents increases.  For instance, when training time is an issue, naïve 

Bayes is chosen over the support vector machines (Pavlov et al., 2004). Second, the systems for 

protein subcellular location are meant to be used by biologists with no required background in 

computing. In many cases, users are reluctant to accept classification results without an 

explanation.  Lu et al. (2004) focus their efforts on using naïve Bayes classifier instead of support 

vector machines because the naïve Bayes classifier is based on well-understood probability 

concepts. To present their explanation to non-computing scientists, work has been done on 

displaying the results in an intuitive graphical format (Lu et al., 2004). With these reasons in 

mind, we replace the EpiLoc and HomoLoc classifiers with the naïve Bayes classifier and present 

our work in the next chapter. 
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Chapter 3 

Methods 

During the course of this thesis, we extended two systems: EpiLoc and HomoLoc (Brady 

& Shatkay, 2008). We further developed four new systems, EpiLocNB, EpiLocMWT, 

HomoLocNB and HomoLocMWT, which, like their predecessors predict where a protein is 

located in the cell. The four new systems have two major components: the representation of 

proteins with associated text and the classifier. The difference between the new systems and the 

existing systems is the classifier. 

In Section 3.1 we describe how proteins are represented using curated text, a 

representation adopted from previous work (Brady & Shatkay, 2008). Specifically, in Section 

3.1.1, we describe how proteins are represented when there is curated text associated with the 

proteins. We then describe in Section 3.1.2 how proteins are represented when there is no curated 

text associated with them. Handling of proteins that have associated text is implemented in 

EpiLoc, EpiLocNB and EpiLocMWT, while the treatment of proteins that have no associated text 

is implemented in HomoLoc, HomLocNB and HomoLocMWT.  

The difference between EpiLoc and EpiLocNB (as well as between, HomoLoc and 

HomoLocNB) is their classifier. The choice of the naïve Bayes classifier as our classifier follows 

the experiments done by Briesmeister et al. who developed the YLoc system (Briesemeister et al., 

2010). Briesmeister et al. (2010) have experimented in substituting MultiLoc’s classifier with the 

naïve Bayes classifier with the following reasons. First, the naïve Bayes classifier is a simple and 

robust classification model. Second, when using the naïve Bayes classifier, it is typically easy to 

understand why a prediction was made and what attributes of the protein contributed most to a 
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prediction. Third, the naïve Bayes classifier directly handles multi-class prediction. We denote 

two of our new systems with the suffixes NB (i.e. EpiLocNB and HomoLocNB), in which we 

replace the original classifiers from support vector machine to the naïve Bayes classifier. We 

describe the details of the naïve Bayes classifier in Section 3.2.  

Furthermore, we implement a new classifier call the Mean Weight Text classifier, and 

modify EpiLoc and HomoLoc by replacing their original support vector machine classifier with 

the newly introduced one. We denote the two new systems with the suffixes MWT, (i.e. we 

introduce EpiLocMWT and HomoLocMWT). We describe the details of the Mean Weight Text 

classifier in Section 3.3.  

We discuss the training and the testing of our prediction systems in Section 3.4, and 

introduce the data sets that we use to train and test our systems in Section 3.4.1. In addition, we 

present the performance metrics that we use to evaluate our systems to compare with other state-

of-the-art computational protein subcellular localization prediction systems. 

3.1 Representation of Proteins Using Text 
We use the standard information retrieval representation known as bag of words (Lewis, 

1998; Mitchell, 1997) to represent a protein. Each protein is represented as a vector of term-

weights. The terms used in the term-weight representation are called features and are selected 

from text associated with the set of proteins. An important part of the vector is the weight 

assigned to each term; this is discussed in Section 3.1.1. In the same section we also describe the 

steps in protein representation for the EpiLocNB and EpiLocMWT system, while in Section 3.1.2 

we discuss the steps in protein representation for the HomoLocNB and HomoLocMWT system. 
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3.1.1 Representation of Proteins Using Curated Text 

To represent proteins using curated text for EpiLocNB and EpiLocMWT, we adopt the 

same steps as in previous work (Brady & Shatkay, 2008). In this section, we provide a summary 

of their method. There are four steps in the representation of proteins with curated text: 

1. Select text to associate with proteins 

2. Pre-process the text to retain features that provide information which is a preliminary step 

for feature selection. 

3. Select features that help distinguish a protein in one subcellular location from another for 

representing the protein.  

4. Determine the weight of each feature in the representation with respect to each protein. 

An important point to note is that the method developed by Brady and Shatkay uses the text to 

produce a set of terms that are useful for classification. The method is not looking for statements 

in the text about the location of proteins which have already been localized.  

Text Selection 

Each protein is associated to abstracts from the PubMed (NCBI, 2010b) database that are 

referenced by the Swiss-Prot (Bairoch & Apweiler, 2000) entry for that protein. Swiss-Prot is a 

database that stores information describing proteins. Protein entries in Swiss-Prot have human-

Figure 3.1: Swiss-Prot entry P18646. The number that is circled is the PubMed identifier that references an
abstract in the PubMed database. 
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curated references to relevant abstracts, which are electronically linked to abstracts of 

publications within the PubMed database. Thus, these abstracts form a set of authoritative 

abstracts for each protein. These abstracts are freely available from the PubMed database. Figure 

3.1 illustrates a Swiss-Prot entry for a protein with its corresponding PubMed identifier. 

Text Pre-Processing 

After associating curated text (abstracts) with proteins, the next step is to process the text 

from the abstracts. It is common to remove from the abstracts terms that provide little or no 

information in predicting where proteins are located. Figure 3.2 is an illustration of applying text 

pre-processing to the first line of PubMed abstract 2103443. The concrete pre-processing steps 

are: 

• Abstracts are associated with proteins and those proteins that are located in three or more 

subcellular locations are not useful in obtaining terms for characterizing a subcellular 

location. Hence, we remove abstracts associated with three or more subcellular locations. 

• A list of stop words, shown in Appendix A, consists of terms that are commonly used and 

have little information in distinguishing one subcellular location from another. We 

remove these stop words. 

• We apply Porter Stemming (Porter, 2006), which strips suffixes off words, so that 

different variations of the same term are coalesced into a single form. For example, the 

words transporting, transported and transportation are all reduced to the same root form 

transport, thus exposing their associated meaning.  

• Terms that are found in over 60% of abstracts have little discriminative value and terms 

that occur in fewer than three abstracts are too specific to represent the majority of 

proteins in a data set. We remove these terms. 
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Figure 3.2: An illustration of applying text pre-processing steps to the first line of PubMed abstract 
2103443. The words that are crossed are stop words and the crossed out part of words show stemming. 
Each piece of the text that is circled is a term. 

Selecting Best Features from the Text 

After the pre-processing step, feature selection is applied to the pre-processed text set. 

The purpose of feature selection is to find a set of distinguishing features for each location, in the 

form of terms that are more likely to be associated with one location than with another. It has 

been shown that including feature selection can improve the systems performance (Y. Yang & 

Pedersen, 1997). There are many feature selection techniques; the Z-test method (Devore, 2000) 

is the one chosen to be implemented in EpiLoc and HomoLoc based on comparative study of 

several methods. We thus use the same Z-test selection method. After performing feature 

selection for each location, the sets of all the distinguishing terms for each location are combined 

to form the set of terms that are used to represent proteins. 

Term Weighting with Respect to each Protein 

After selecting a set of terms to represent proteins, the weight of each term with respect 

to each protein is determined to build a feature vector. Given the set of N distinguishing terms, 

each protein, p, is represented as an N-dimensional weight vector. The weight, , at position i, 



 

1  is the probability of the distinguishing term  to appear in the set of abstracts 

associated with protein p. We estimate the value of , from the data set. Each weight is 

calculated as follows: 
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 #      
∑ #       

 , 

where  is the set of abstracts associated with protein p, and the sum in the denominator is taken 

over all the terms  in the set of distinguishing terms . 

3.1.2 Representation of Proteins that have No Curated Text 

In the previous section, we summarized how the EpiLoc system represents proteins when 

there is curated text associated with them. We now discuss the representation of proteins that 

have no associated curated text. Several reasons as to why proteins may have no associated text 

were provided in previous work (Brady & Shatkay, 2008). 

• A protein may have no associated Swiss-Prot entry. 

• A protein may have a Swiss-Prot entry that contains no reference to PubMed abstracts. 

• The Swiss-Prot entry for a protein may reference PubMed abstracts, but the references 

are all shared by other proteins from three or more subcellular locations. 

• A protein’s associated abstracts may not contain any of the selected distinguishing terms. 

Proteins that satisfy any one of the above mentioned categories are referred to as textless 

proteins. To represent a textless protein, Brady et al. developed a method that uses curated text 

from the closest three proteins that are homologous to the textless protein (2010). Homologous 

proteins are proteins that have similar sequences, according to certain similarity criteria (Schuler, 
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2001). The tool used to assess the similarity is known as BLAST4 (Altschul et al., 1990; NCBI, 

2010a). The BLAST program uses two parameters to determine whether a protein is homologous 

to a given protein sequence. The expectation value (E-val) measures the probability of matching a 

homologous protein sequence to a given protein by chance. The percent identity is the second 

parameter; it measures the percent of similar regions between a homologous protein sequence to a 

given protein sequence. For a protein to be homologous, the expectation value needs to be less 

than 10 and the percent identity has to be greater than 40%. 

The degree of homology needs to be reflected in the term-vector representation of the 

protein. The number of times the distinguishing term  appears in the set of abstracts associated 

with a homologous protein is multiplied by the percent identity between a homologous protein 

and a textless protein. Formally  is calculated as follows: 

 
∑ #      · %   

∑ ∑ #      · %   
, 

where h is a homologous protein, is the set of abstracts associated with h, a sum is taken over 

all the homologs in the set of homologs H and a sum is taken over all the terms  that occurs in 

. 

3.2 The Naïve Bayes Classifier 
For our classifier in both EpiLocNB and HomoLocNB, we adopt the widely used naïve 

Bayes classifier. The idea underlying this classifier is the simple theorem of probability known as 

Bayes’ rule or Bayes’ theorem (Duda & Hart, 2001; Manning et al., 2008; Mccallum & Nigam, 

1998).  

                                                      
4 Basic Local Alignment Search Tool 
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| ·
|

,
3.1

where   ∑ | · .

In the above,  is the number of classes, is a member of , which is the set of all possible 
class labels, and  is an N-dimensional term-weight vector. 

3.2

 

The objective of the classifier is to find the most likely class , given the feature vector 

, where  is a member of , the set of all possible class labels. In the context of our work,  

denotes the set of all possible subcellular locations and  is an N-dimensional term-weight vector 

that represents the protein based on its related text, as described in Section 3.1. For our systems, 

we choose to minimize the expected number of classification errors by assigning a protein 

represented by feature vector  to class  for which |  is highest. 

|  is the conditional probability that a protein belongs to class  given that we 

know the feature vector representing the protein, . We do not know the value for | . 

Instead of estimating |  directly, an alternative is to use Bayes’ rule. Bayes’ rule specifies 

how the conditional probability |  can be calculated from estimating the 

likelihood | , and the unconditional probabilities  and . However, estimating 

|  poses a problem because a large number of parameters are required to describe this 

multi-dimensional distribution. A common strategy, known as the naïve Bayes assumption, is to 

assume that each term-weight, , where  is the  element of , is conditionally independent 

of all the other term-weights, given that we know the class.  
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Under this simplifying assumption, the value of |  is calculated as: 

| | . 
3.3 

 

The advantage of making this simplifying assumption is that we can calculate the value 

of the likelihood, | , with relatively few parameters. Under this assumption, we can re-write 

Equation 3.1 as: 

The numerato o is  roduct over all the conditional probabilities, 

, 1 , one factor for each position in the  vector. When computing the 

conditional probabilities,  the calculation can result in a floating point underflow. Hence, 

it is better to perform the computation by adding the logarithms of probabilities instead of 

multiplying the probabilities. Equation 3.4 is thus rewritten as shown in Equation 3.6, by taking 

the loga

r in Equati n 3.4  a p

| ·
∏

, 
3.4 

where  ∑ · ∏ . 3.5 

rithm: 

log |  log ∑ log | log . 3.6 

 

We now explain how we estimate the conditional probability |  and the 

unconditional probabilities  and  to determine | . 
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The prior probability for each class  is estimated as the number of protein samples from 

class  divided by to umb he training set:  the tal n er of protein samples in t

 #
∑ #

 . 3.7 

 

When estimating , each term  is a continuous value between 0 and 1. There are 

many approaches for estimating  | . We discuss two popular methods: parameterized 

distribution and discretization (Bouckaert, 2004; Y. Yang & Webb, 2002). For the parameterized 

distribution method, a common approach is to assume that the continuous variable  follows a 

Normal distribution. For each class  there is a set of proteins, . We assume 

that  is Normal, , ), where ,  
√ ·  ·

· ·  is the Normal 

distribution with mean  and variance . The mean and variance are estimated as follow: 

 
| |

·  ∑| |  and  = 
| |

 ·  ∑  | | . We tried this method and it produced 

poor results. The parameterized distribution method performed on average 20% lower on all the 

data sets in comparison to the support vector machine classifier. We hypothesize that the reason 

for this failure is that the continuous variable  does not follow a Normal distribution. We 

performed a Kolmogorov-Smirnov test from a MATLAB package call Statistics Toolbox 

(MathWorks, 2007) in order to determine how close  is to a Normal distribution; we find that 

over 95% of the continuous variable  is unlikely to follow a Normal distribution.  

We achieved better results by discretizing the continuous variables  using the equal 

width discretization method (Y. Yang & Webb, 2002).  We choose this discretization strategy 

because it is often used in practice and works well for the naïve Bayes classifier (Y. Yang & 
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Webb, 2002). When discretizing a continuous variable , suppose that there are n training 

instances for which the values of  is known, and the minimum and maximum values that  

obtains in these training instances are  and  respectively. Given a user-specified number 

of intervals, b, (also referred to as bins), b intervals are created between  and . For both 

the EpiLocNB and HomoLocNB systems, we set the number of intervals, , to 10, the same value 

as used by Yang and Webb (2002). We discretize the continuous variable , into 10 intervals 

which we denote ,  where 1 10, and estimate the conditional probability for each interval, 

 as shown in Equation 3.8. To ensure that no zero-counts are encountered when 

estimating , a pseudo-count is added to the conditional probability for each interval, 

 (Y. Yang & Webb, 2002). In our experiment, we used a range of values between 

0.0001 and 1 for the pseudo-count. For each series of 5-fold cross-validation, we increment the 

pseudo-count by a factor of 10. We find that our system performs best when the pseudo-count is 

0.01. We add 0.01 in the numerator and | | · 0.01 in denominator as shown in Equation 3.8. 

#  , ,   .

∑ #  , ,           | |· .
 ,

where  is the number of proteins in c . 

3.8

 

Last, we note that the unconditional probability  is not explicitly computed for 

minimum-error classification because this probability is independent of the class,  (Lewis, 

1998; Manning et al., 2008). Thus, the maximum value only of the numerator in Equation 3.4 

needs to be found and used to make a classification decision. 
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3.3 Mean Weight Text Classifier 
The Mean Weight Text classifier is a novel method that was developed when we built the 

naïve Bayes classifier. The Mean Weight Text classifier performs better than the naïve Bayes 

classifier and its performance is almost the same as that of the support vector machine classifier.  

In the Mean Weight Text classifier, similar to the naïve Bayes classifier, we want to 

classify a protein, , which is represented as , , … , , to its class, , where 

 and  is the set of all subcellular locations. We describe how the Mean Weight Text 

classifier works, but more research is needed to understand why it performs well compared to the 

state-of-the-art classifiers. To determine whether protein  is assigned to class , we sum the 

mean  over all terms  for which the weight  is greater than 0. The protein is assigned to 

the class with the highest sum.  For protein , the Mean Weight Text classifier assigns a class as 

defined in Equation 3.9: 

 arg ∑ · ln , 

where 1 0
0

. 

3.9 

 

We next explain how the mean  is calculated for each term   and each class , 

where  and  is the set of all subcellular locations. Let , ,…, ) be the set of proteins in 

class , where  is the number of proteins in the training set class . Each protein  is 

represented as a weight vector, where the weight of the  term,  is denoted as .  
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The mean weight value for each term , is calculated as:  

∑
| |

. 
3.10 

 

To avoid a mean,  of 0, we add a pseudo-count to each mean, as shown in Equation 

3.11. 

    
· 0.01

∑   ·  
 

    
· 0.01

. 

3.11 

 

3.4 Training and Testing a Classifier 
In this section, we discuss how our classifiers, EpiLocNB, EpiLocMWT, HomoLocNB 

and HomoLocMWT, (also referred to as a prediction system or predictor) are trained and 

evaluated. First, we summarize in Section 3.4.1 the data sets that are used for training and 

evaluation purposes. Then, we explain the methods that we use to train and test all the classifiers 

in Section 3.4.2. To perform a fair comparison with the two previous systems, EpiLoc and 

HomoLoc, we apply the same methods of training and testing, the same data sets and the same 

performance metrics to EpiLocNB and HomoLocNB. Finally we explain the performance 

measures on all the state-of-the-art systems in Section 3.3.3. 
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3.4.1 Data Sets Used for Evaluation 

Aside from comparing EpiLocNB and EpiLocMWT with EpiLoc, we also compare our 

system with the state-of-the-art systems such as TargetP, PLOC and MultiLoc. For a fair 

comparison with these systems, we train and test on their respective data sets. We present the 

following data sets. 

The TargetP data set (Emanuelsson et al., 2000) has 3,415 proteins; 292 of those proteins 

have no curated text associated with them. Proteins are separated into two organism types: plant 

and non-plant. Plant proteins are categorized into four subcellular locations: chloroplast (ch), 

mitochondria (mi), secretory pathway (sp) and other (ot). Non-Plant proteins are categorized into 

three subcellular locations: mitochondria, secretory pathway and other. The secretory pathway 

class includes proteins from the endoplasmic reticulum (er), extracellular space (ex), Golgi 

apparatus (go), lysosome (ly), plasma membrane (pm) and vacuole (va); the “other” class 

include proteins from the cytoplasm (cy) and from the nucleus (nu). 

The MultiLoc data set (Höglund et al., 2006) has 5,959 proteins; 614 of those have no 

curated text associated with them. The proteins were extracted from Swiss-Prot version 42.0. The 

MultiLoc data set consists of proteins from animal, fungal and plant which are sorted into eleven 

subcellular locations: chloroplast, cytoplasm, endoplasmic reticulum, extracellular space, Golgi 

apparatus, lysosome, mitochondria, nucleus, peroxisome, plasma membrane and vacuole. If a 

protein has a Swiss-Prot subcellular location annotation that includes the words by similarity, 

potential or probably, or if the protein has a sequence identity over 80% with another protein, 

then it is excluded from the data set. 

The PLOC data set (Park & Kanehisa, 2003) has 7,579 proteins; 1,076 of the proteins 

have no curated text associated with them. The proteins were extracted from the Swiss-Prot 
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version 39.0 and only those proteins with less than 80% sequence identity are retained. Similar to 

the MultiLoc data set, the PLOC data set covers eleven subcellular locations with the addition of 

proteins from the cytoskeleton (cs). However, the PLOC data set is larger than the MultiLoc data 

set because it includes whose Swiss-Prot subcellular location annotation contains words such as 

by similarity, potential or probably.  

The Diff48 data set (Shatkay et al., 2007) has 361 proteins. This data set consists of 

proteins that either had no assigned location, or were annotated as uncertain in Swiss-Prot version 

42.0 but have been assigned a definite location in Swiss-Prot version 48.8. Swiss-Prot version 

48.8 is chosen because at that time it was the most recent. The purpose of this data set is to further 

validate the predictive ability of EpiLocNB and EpiLocMWT. A summary is provided about this 

data set: 

• The proteins in this data set were not included in any form in training EpiLoc. 

• Their location was unkown in the version of the data used to train EpiLoc. 

• The PubMed entries associated with the proteins predate the protein locatlization time. 

• The location of these proteins is now known. 

3.4.2 Training and Testing the Classifiers 

We next discuss how we train and test the fours classifiers, EpiLocNB, EpiLocMWT, 

HomoLocNB and HomoLocMWT. For each of the above mentioned data sets, we evaluate 

EpiLocNB and EpiLocMWT using the same procedure as used by Brady et al. (2008). As 

mentioned in Section 3.4.1, not all the proteins in each of the data sets have associated curated 

text. Only proteins that have associated curated text are used to train and test EpiLoc, EpiLocNB 

and EpiLocMWT. The partition used to train and test EpiLoc, EpiLocNB and EpiLocMWT is 

different from the one used to train and test the other systems against which we compare; 
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therefore a strict stratified five-fold cross-validation method is performed five times. This ensures 

a fair comparison between the performance of EpiLocNB and EpiLocMWT versus the other 

location prediction systems. To evaluate HomoLoc against HomoLocNB and HomoLocMWT, 

the textless proteins from the MultiLoc data set are used Brady et al. (2008). 

3.4.3 Performance Measures 

To evaluate the performance of our system on each data set, we use the same measures 

used originally to evaluate the systems against which we compare, namely, for each location we 

measure sensitivity (Sens), specificity (Spec) and Matthew’s Correlation coefficient (MCC) and 

for the entire data set we measure overall accuracy (Acc) and average sensitivity (Avg). 

Sensitivity also known as recall measures the ability of the classifier to select instances of a 

certain class from a data set (Compumine, 2010). Specificity also known as precision measures 

the accuracy for a specific class that has been predicted (Compumine, 2010). Both sensitivity and 

specificity ratios range from 0 to 1. Finally, Matthew’s Correlation coefficient is a combination of 

sensitivity and specificity with a ratio ranging from -1 to 1 (Matthews, 1975). Sensitivity, 

specificity, and Matthew’s coefficie efined as: nt are formally d

, 

, 

 · ·
· · ·

, 

where TP, TN, FP, FN represent the number of true positives, true negatives, false positives and 

false negatives respectively of a given location. Overall accuracy, Acc, is calculated as /  

where  is the number of correctly classified proteins and  is the total number of classified 

proteins. Average sensitivity, Avg, is the average of the sensitivity measure over all locations. 
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When comparing EpiLoc versus EpiLocNB or EpiLocMWT and HomoLoc versus 

HomoLocNB or HomoLocMWT, we use a MATLAB package call Statistics Toolbox 

(MathWorks, 2007) to perform paired two sample t-test (Freund, 2007). We compare two 

system’s individual subcellular location’s sensitivity, specificity and Matthew’s Correlation 

coefficient measurements and perform a paired sample t-test. In addition, we compare two 

system’s overall accuracy and average sensitivity and perform a paired sample t-test. The paired 

sample t-test allows us to judge whether there is a significant difference between two systems’s 

sensitivity, specificity, Matthew’s Correlation coefficient, overall accuracy or average sensitivity 

measurements based on the p-value. The p-value measures the probability that a difference 

between two system’s performance metrics occur by chance (Freund, 2007). As is often done, we 

consider two measurements to be statistically different if the p-value is less than 0.05. 
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Chapter 4 

Results and Analysis 

In this Chapter, we present the experiments and the results of applying EpiLocNB, 

HomoLocNB, EpiLocMWT and HomoLocMWT to the data sets that we described in Section 

3.4.1. We assess the performance for each of our systems using five measurements discussed in 

Section 3.4.3: sensitivity, specificity, Matthew’s Correlation coefficient, overall accuracy and 

average sensitivity.  

In Section 4.1, we compare the results of EpiLocNB and EpiLocMWT to several state-of-

the-art systems that predict protein subcellular location, namely, TargetP, PLOC, MultiLoc and 

EpiLoc. We first compare EpiLocNB and EpiLocMWT to the TargetP system. The TargetP 

system, as described in Section 2.3.2, uses the N-terminal features of proteins to predict where the 

protein is located in the cell. We find that EpiLocNB performs slightly worse than the TargetP 

system but EpiLocMWT performs about equal with the TargetP system. We then compare 

EpiLocNB and EpiLocMWT with the PLOC system. We describe the PLOC system, which uses 

amino acid composition to predict where a protein is located in Section 2.3.2. From the results, 

we find that EpiLocNB and EpiLocMWT performs about the same level as the PLOC system but 

sometimes EpiLocMWT performs even better than the PLOC system. In addition, we compare 

EpiLocNB and EpiLocMWT to the MultiLoc system. As described in Section 2.3.2, the MultiLoc 

system, uses multiple types of protein features to predict where a protein is located. When 

compared over the MultiLoc data set, we find EpiLocNB performs slightly worse than the 

MultiLoc system and we find EpiLocMWT performs at about the same level as the MultiLoc 

system or better. For each of the above comparisons, we also include the comparison of 
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EpiLocNB and EpiLocMWT to the EpiLoc system when applied to the corresponding data set. 

As described in Section 2.3.3, the EpiLoc system uses abstracts associated with protein, and 

support vector machines classifiers, to predict where a protein is located. The results from the 

comparison of EpiLoc and EpilocNB and EpiLoc and EpiLocMWT show that EpiLoc performs 

better than EpiLocNB and about the same with EpiLocMWT. While the difference in 

performance between EpiLoc and EpiLocNB is statistically significant, the difference is small. 

We further validate this observation by evaluating EpiLoc, EpiLocNB and EpiLocMWT on the 

Diff48 data set. The results support our observation that EpiLoc performs slightly better than the 

EpiLocNB but EpiLoc performs about the same with the performance of EpiLocMWT system.  

For our second computational system, HomoLocNB and HomoLocMWT, as shown in 

Section 4.2, we find the performance to be comparable to that of the HomoLoc system. We 

evaluate HomoLocNB and HomoLocMWT on the textless proteins from the MultiLoc data set 

and the results show HomoLocNB and HomoLocMWT perform better than the HomoLoc 

system. Due to the small data set, we further evaluate HomoLocNB, HomoLocMWT and 

HomoLoc on the MultiLoc data set excluding textless proteins. The results show that HomoLoc 

performs slightly better than HomoLocNB and HomoLocMWT but the differences are 

statistically-significant. 

4.1 Comparison Results for EpiLocNB and EpiLocMWT 
We first focus on the results of running EpiLocNB and EpiLocMWT on the four data sets 

described in Section 3.4.1. For each data set excluding the Diff48 data set, we compare 

EpiLocNB and EpiLocMWT to the results from the original TargetP, PLOC and MultiLoc on 

their respective data sets, as reported in their corresponding publications. In addition, we present 

the results of EpiLoc for each data set. The Diff48 data set is used to further evaluate EpiLocNB 
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and EpiLocMWT versus EpiLoc. None of the proteins in the Diff48 data set is used for training in 

the five-fold cross-validation. As a reminder, within each data set we apply EpiLocNB and 

EpiLocMWT only to those proteins that have associated text (see Section 3.1.1 for details). Since 

not every protein is associated with text, we do not calculate paired sample t-test for either 

EpiLocNB or EpiLocMWT with the TargetP, PLOC and MultiLoc systems. In order to make the 

results in EpiLocNB and EpiLocMWT comparable to the results from the TargetP, PLOC and 

MultiLoc results, EpiLocNB and EpiLocMWT are trained and tested using five-time stratified 

five-fold cross-validation. Since we have access to the EpiLoc, EpiLocNB and EpiLocMWT 

systems, we are able to train and test EpiLoc, EpiLocNB and EpiLocMWT on the same five-time 

stratified five-fold cross-validation and test whether the difference in performance is significant 

using a paired sample t-test. We perform paired sample t-test between EpiLoc and EpiLocNB and 

EpiLoc and EpiLocMWT for each individual location sensitivity, specificity and Matthew’s 

Correlation coefficient, the overall accuracy and average sensitivity. The p-values5, which are 

recorded for each paired sample t-test, are all provided in Appendix B. 

4.1.1 Results from the TargetP Data Set 

We present the results of running EpiLocNB and EpiLocMWT on the TargetP data set. 

Furthermore, we compare the performance of EpiLocNB and EpiLocMWT with the performance 

of the EpiLoc and the TargetP systems. For each system comparison, we compare the individual 

subcellular location measurements and the overall system performance, as shown in Table 4.1.1. 

Moreover, we perform paired sample t-tests between EpiLocNB and EpiLoc, EpiLocMWT and 

EpiLoc and EpiLocMWT and EpiLocNB for each individual location sensitivity, specificity and 

 
5 Please refer to Section 3.4.3 for explanations about the paired sample t-test and the p-value. 
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Matthew’s Correlation coefficient, the overall accuracy and average sensitivity. The recorded p-

values are given in Appendix B, Table B.1, B.2 and B.3. 

TargetP Data Set 
Loc Number of 

Proteins 
TargetP Epiloc EpiLocNB EpiLocMWT 

  Plant (Sens, Spec, MCC) 
ch 141 (123) 0.85 0.69 0.72 0.92 0.53 0.68 0.62 0.71 0.65 0.84 0.62 0.71
mi 477 (443) 0.82 0.90 0.77 0.89 0.81 0.82 0.78 0.78 0.75 0.87 0.81 0.81
sp 983 (921) 0.91 0.95 0.90 0.89 0.84 0.80 0.86 0.80 0.76 0.91 0.84 0.80
ot 1,814 (1,636) 0.85 0.78 0.77 0.84 0.94 0.78 0.85 0.89 0.73 0.83 0.94 0.78

Acc 0.853(±0.035) 0.862(±0.017) 0.837(±0.013) 0.862(±0.016) 
Avg Sens 0.856(n/a) 0.882(±0.021) 0.779(±0.027) 0.864(±0.023) 

 Non-Plant (Sens, Spec, MCC) 
mi 477 (443) 0.89 0.67 0.73 0.92 0.84 0.86 0.76 0.85 0.77 0.90 0.81 0.82
sp 983 (921) 0.96 0.92 0.92 0.93 0.86 0.84 0.90 0.83 0.80 0.93 0.85 0.84
ot 1,814 (1,636) 0.88 0.97 0.82 0.88 0.95 0.81 0.88 0.90 0.76 0.86 0.94 0.79

Acc 0.900(±0.007) 0.899(±0.011) 0.870(±0.013) 0.890(±0.013) 
Avg Sens 0.907(n/a) 0.908(±0.012) 0.848(±0.014) 0.897(±0.015) 

Table 4.1.1: The performance of TargetP, EpiLoc, EpiLocNB and EpiLocMWT on the TargetP data set. 
The non-plant data set has three subcellular locations: mitcohondria (mi), secretory pathway (sp) and other 
(ot). The four subcellular locations for the plant data set are the same as for the non-plant data set with the 
addition of chloroplast (ch). For each location, we provide the number of proteins from the data set and the 
number of proteins used for five-fold cross-validation in brackets. Sensitivity, specificity and Matthew’s 
Correlation coefficient are calculated for each organism type, for each location. Accuracy and average 
sensitivity with their respective standard deviations are calculated for each organism type for the entire data 
set. The highest values are shown in boldface. 

 

We first compare the performance of EpiLocNB and TargetP. The TargetP system 

performs slightly better than EpiLocNB for individual location measurements. In Table 4.1.1, 

TargetP has 15 out of 21 higher individual performance measurements. Although TargetP 

performs better than EpiLocNB, the difference, in performance is small. In addition, TargetP 

performs slightly better than EpiLocNB for both accuracy and average sensitivity measurements 

on the non-plant and plant data set.  

We then compare the performance of EpiLocMWT and TargetP. The TargetP system 

performs slightly better than EpiLocMWT for individual location measurements. In Table 4.1.1, 
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TargetP has 13 out of 21 higher individual performance measurements. However, TargetP and 

EpiLocMWT perform about equally for both accuracy and average sensitivity measurements on 

the non-plant and plant data set. 

We now compare the results in Table 4.1.1 for EpiLocNB and EpiLoc. EpiLoc performs 

better than EpiLocNB for individual location measurements. From the results for individual 

location measurements, EpiLoc has a higher value than EpiLocNB 17 times, EpiLocNB has a 

higher value than EpiLoc 2 times, and 2 measurements do not have statistically-significant 

differences. The difference between the measurements is small with the exception of the 

sensitivity measurements for the chloroplast and mitochondria locations. One possible 

explanation for this result is the small number of training examples for the chloroplast and 

mitochondria locations. Research in text categorization shows that the naïve Bayes classifier 

performs worse than a support vector machine classifier when the number of training examples is 

small (Y. Yang & Liu, 1999). In addition, we find that EpiLoc performs significantly better than 

EpiLocNB in terms of both accuracy and average sensitivity. 

We also compare the results in Table 4.1.1 for EpiLocMWT and EpiLoc. EpiLoc 

performs better than EpiLocMWT for individual location measurements. EpiLoc has a higher 

value than EpiLocMWT 10 times, EpiLocMWT has a higher value than EpiLoc 2 times and 9 

measurements do not have statistically-significant differences. The difference between the 

measurements is small with the exception of the sensitivity measurements for the chloroplast 

location. This exception may be due to the small number of training examples. We find that 

EpiLoc performs better than EpiLocMWT on accuracy and average sensitivity with the exception 

to the accuracy on the Plant data set where EpiLoc and EpiLocMWT perform equally. Although 

EpiLoc performs slightly better than EpiLocMWT, the difference is statistically significant. 
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Last we compare the results in Table 4.1.1 for EpiLocNB and EpiLocMWT. 

EpiLocMWT performs better than EpiLocNB for individual location measurements where 

EpiLocMWT has a higher value than EpiLocNB 17 times and EpiLocNB has a higher value than 

EpiLocMWT 4 times. Furthermore, we compare EpiLocMWT and EpiLocNB’s accuracy and 

average sensitivity where EpiLocMWT performs better than EpiLocNB and the difference is 

statistically significant. 

In summary, using the TargetP data set, EpiLocNB performs slightly worse than the 

EpiLoc and TargetP systems. However, the difference is small. Moreover, using the TargetP data 

set, EpiLocMWT performs on par with the EpiLoc and the TargetP systems. Last, the 

EpiLocMWT system performs better than EpiLocNB and the difference is statistically significant. 

We conclude that EpiLocMWT is comparable in performance to both the EpiLoc and the TargetP 

systems.  

4.1.2 Results from the PLOC Data Set 

We present the results of EpiLocNB and EpiLocMWT on the PLOC data set. We also 

compare the performance of EpiLocNB with the performance of the EpiLoc and the PLOC 

systems. In Table 4.1.2, we show the results for the animal and plant data set, whereas the results 

for the fungal data set are found in Appdendix C, Table C.1. Moreover, we perform paired sample 

t-tests between EpiLocNB and EpiLoc, EpiLocMWT and EpiLoc and EpiLocMWT and 

EpiLocNB for each individual location sensitivity, specificity and Matthew’s Correlation 

coefficient, the overall accuracy and average sensitivity. For each paired sample t-test the 

recorded p-values are given in Appendix B, Table B.4, B.5 and B.6. 
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PLOC Data Set 
Loc Number of 

Proteins 
PLOC EpiLoc EpiLocNB EpiLocMWT 

 Sens Plant (Sens, Spec, MCC) 
cs 41 (37)  0.59  0.84 0.34 0.53 0.62 0.86 0.72 0.61 0.82 0.70
go 48 (34)  0.15  0.76 0.40 0.54 0.63 0.71 0.65 0.58 0.75 0.65
va 54 (44)  0.25  0.69 0.17 0.33 0.33 0.55 0.42 0.29 0.64 0.41
er 114 (101)  0.47  0.70 0.32 0.46 0.57 0.71 0.63 0.62 0.77 0.68
pe 125 (114)  0.25  0.83 0.58 0.68 0.61 0.75 0.67 0.64 0.76 0.69
ch 671 (528)  0.72  0.88 0.80 0.82 0.88 0.79 0.82 0.90 0.82 0.84
mi 727 (625)  0.57  0.75 0.87 0.79 0.74 0.76 0.73 0.77 0.79 0.75
ex 862 (805)  0.78  0.70 0.66 0.63 0.72 0.64 0.63 0.80 0.70 0.71
cy 1,245 (1,113)  0.72  0.56 0.62 0.51 0.54 0.55 0.45 0.60 0.56 0.48
pm 1,677 (1,184)  0.92  0.78 0.86 0.78 0.75 0.80 0.73 0.76 0.87 0.78
nu 1,932 (1,833)  0.90  0.80 0.91 0.81 0.84 0.83 0.77 0.85 0.86 0.80

Acc 0.782(±0.009) 0.742(±0.015) 0.737(±0.012) 0.765(±0.013) 
Avg Sens 0.579(±0.021) 0.753(±0.028) 0.657(±0.040) 0.674(±0.038) 

 Sens Animal (Sens, Spec, MCC) 
cs 41 (37)  0.59  0.84 0.34 0.52 0.63 0.83 0.72 0.63 0.79 0.70
go 48 (34)  0.15  0.77 0.52 0.63 0.59 0.79 0.67 0.56 0.76 0.64
ly 93 (85)  0.62  0.89 0.34 0.53 0.66 0.59 0.61 0.72 0.76 0.73
er 114 (101)  0.47  0.72 0.31 0.46 0.55 0.75 0.64 0.60 0.74 0.65
pe 125 (114)  0.25  0.85 0.57 0.69 0.60 0.75 0.66 0.63 0.75 0.67
mi 727 (625)  0.57  0.79 0.85 0.80 0.74 0.76 0.72 0.79 0.78 0.76
ex 862 (805)  0.78  0.74 0.69 0.66 0.71 0.64 0.62 0.81 0.69 0.70
cy 1,245 (1,113)  0.72  0.53 0.63 0.49 0.59 0.58 0.49 0.65 0.60 0.54
pm 1,677 (1,184)  0.92  0.79 0.85 0.78 0.74 0.80 0.71 0.75 0.88 0.77
nu 1,932 (1,833)  0.90  0.81 0.90 0.80 0.85 0.83 0.76 0.86 0.86 0.80

Acc 0.796(±0.009) 0.743(±0.029) 0.731(±0.011) 0.770(±0.010) 
Avg Sens 0.579(±0.021) 0.773(±0.039) 0.665(±0.034) 0.699(±0.027) 

Table 4.1.2: The performance of PLOC, EpiLoc, EpiLocNB and EpiLocMWT on the PLOC data set. The 
eleven subcellular locations for the plant data set are Golgi apparatus (go), cytoskeleton (cs), vacuole (va), 
endoplasmic reticulum (er), peroxisome (pe), chloroplast (ch), mitochondria (mi), extracellular space (ex), 
cytoplasm (cy), plasma membrane (pm) and nucleus (nu). The ten subcellular locations in the animal data 
set are the same as for the plant data set, excluding vacuole and chloroplast and adding lysosome (ly). For 
each location, we provide the number of proteins from the data set and the number of proteins used for 
five-fold cross-validation in brackets. Sensitivity, specificity and Matthew’s Correlation coefficient are 
calculated for each organism type for each location. Accuracy and average sensitivity with their respected 
standard deviations are calculated for each organism type for the entire data set. The highest values are 
shown in boldface. 

As in the previous section, we begin by comparing the EpiLocNB and the PLOC systems. 

First, we compare the performance of EpiLocNB and PLOC on individual location 

measurements. From the results in Table 4.1.2, we see that EpiLocNB’s overall performance is on 



 

49 

 

                                                     

par with that of the PLOC system. The EpiLocNB system scores higher than the PLOC system on 

13 out of 21 sensitivity measurements6. Furthermore, we find that EpiLocNB shows a much 

higher average sensitivity but a somewhat lower accuracy compared to the PLOC system. 

Second, we compare the performance of EpiLocMWT and PLOC on individual location 

measurements. From the results in Table 4.1.2, we see that the EpiLocMWT system’s overall 

performance is better than that of the PLOC system. The EpiLocMWT system scores higher than 

the PLOC system on 15 out of 21 sensitivity measurements. Moreover, we find that EpiLocMWT 

shows a much higher average sensitivity but a somewhat lower accuracy compared to the PLOC 

system. 

Next, we compare the performance of the EpiLocNB and EpiLoc systems. As shown in 

Table 4.1.2, the EpiLoc system performs slightly better than the EpiLocNB system with respect 

to individual location measurements: for the 63 individual location measurements scored, EpiLoc 

has a higher value than EpiLocNB 32 times, EpiLocNB has a higher value than EpiLoc 20 times 

and the remaining 11 measurements do not have statistically-significant differences. In addition, 

EpiLoc has a much higher average sensitivity compared to EpiLocNB. This result can be 

explained by the poor sensitivity performance of EpiLocNB on locations with a small number of 

training examples. It is a well known problem in machine learning where it is difficult for a 

system to “learn” from a small number of training examples. Usually the feature distribution for 

the small number of training examples is different from the test data of the same class (Y. Yang 

& Pedersen, 1997). As for accuracy, overall, EpiLoc performs slightly better than EpiLocNB but 

the difference is not statistically significant. This is because EpiLocNB performs at least as well 

as (or better than) EpiLoc on locations with a large number of training examples. It has been 
 

6 The PLOC publication does not report specificity or Matthew’s Correlation coefficient measurements 
(Park & Kanehisa, 2003). 
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shown that the naïve Bayes classifier performs on par with the support vector machine classifier 

when there is sufficient number of training examples (Y. Yang & Liu, 1999). However, EpiLoc 

performs better than EpiLocNB for average sensitivity and the difference is stastically significant. 

We also compare the performance of EpiLocMWT and EpiLoc. As shown in Table 4.1.2, 

EpiLocMWT performs slightly better than EpiLoc with respect to individual location 

measurements: for the 63 individual location measurements scored, EpiLocMWT has a higher 

value than EpiLocNB 31 times, EpiLoc has a higher value than EpiLocMWT 21 times and the 

remaining 13 measurements do not have statistically-significant differences. We also notice a 

pattern in the results from the PLOC data set that is similar to the results from the TargetP data 

set (Section 4.1.1). For sensitivity, the EpiLoc system performs better than the EpiLocMWT 

system on locations with a small number of training examples. However, EpiLoc shows lower 

specificity than EpiLocMWT when the number of training examples is small. EpiLoc and 

EpiLocMWT are further compared for overall accuracy and average sensitivity. EpiLoc has a 

much higher average sensitivity compared to EpiLocMWT. Like EpiLocNB, EpiLocMWT 

suffers from poor sensitivity performance on locations with a small number of training examples. 

As for accuracy, overall EpiLocMWT performs better than EpiLoc and the difference is 

statistically significant. This is because EpiLocMWT performs at least as well as (or better than) 

EpiLoc on locations with a large number of training examples. 

Last, we compare the performance of EpiLocMWT and EpiLocNB. As shown in Table 

4.1.2, EpiLocMWT performs significantly better than EpiLocNB with respect to individual 

location measurements: for the 63 individual location measurements scored, EpiLocMWT has a 

higher value than EpiLocNB 38 times and the remaining 25 measurements do not have 

statistically-significant differences. Although EpiLocMWT performs better than EpiLocNB, we 



 

51 

 

notice a pattern in the results. The sensitivity of both EpiLocMWT and EpiLocNB is poor on 

locations with small number of examples, and much better on locations with large number of 

examples. As for accuracy and average sensitivity measurements, EpiLocMWT is better than 

EpiLocNB and the difference is statistically significant.  

In summary, over the PLOC data set, EpiLocNB performs about the same as the PLOC 

system. On this same data set, we find that the performance of EpiLoc is slightly better than 

EpiLocNB and the difference is statistically significant. EpiLocMWT performs better than the 

PLOC system and the performance of EpiLocMWT is comparable to (sometimes better than) that 

of EpiLoc. 

4.1.3 Results from the MultiLoc Data Set 

We present the results of EpiLocNB and EpiLocMWT on the MultiLoc data set. We also 

compare the performance of EpiLocNB and EpiLocMWT with the performance of the EpiLoc 

and the MultiLoc systems. As in the previous section, we display the results for the animal and 

plant data sets in Table 4.1.3, whereas the results for the fungal data set are found in Appendix C, 

Table C.2. As before, we perform paired sample t-tests between EpiLocNB and EpiLoc, 

EpiLocMWT and EpiLoc and EpiLocMWT and EpiLocNB for each individual location 

sensitivity, specificity and Matthew’s Correlation coefficient, the overall accuracy and average 

sensitivity. The recorded p-values are given in Appendix B, Table B.7, B.8 and B.9. 
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MultiLoc Data Set 
Loc Number of Proteins MultiLoc EpiLoc EpiLocNB EpiLocMWT 

 Plant (Sens, Spec, MCC) 
va 63 (48) 0.70 0.20 0.36 0.75 0.27 0.43 0.30 0.77 0.47 0.39 0.65 0.49
go 150 (139) 0.75 0.41 0.54 0.80 0.56 0.64 0.71 0.88 0.79 0.79 0.89 0.83
pe 157 (134) 0.71 0.34 0.47 0.88 0.75 0.80 0.65 0.86 0.74 0.75 0.89 0.81
er 198 (162) 0.72 0.54 0.61 0.72 0.65 0.67 0.67 0.82 0.73 0.71 0.84 0.77
ch 449 (347) 0.88 0.85 0.85 0.87 0.75 0.79 0.84 0.74 0.77 0.89 0.79 0.82
mi 510 (442) 0.85 0.79 0.80 0.82 0.81 0.80 0.74 0.76 0.73 0.79 0.78 0.77
nu 837 (684) 0.82 0.75 0.75 0.81 0.81 0.78 0.73 0.79 0.72 0.71 0.83 0.74
ex 843 (820) 0.68 0.81 0.70 0.84 0.82 0.80 0.78 0.75 0.72 0.86 0.77 0.78
pm 1,238 (1,172) 0.74 0.89 0.77 0.85 0.91 0.85 0.86 0.80 0.78 0.86 0.86 0.82
cy 1,411 (1,289) 0.68 0.85 0.70 0.64 0.78 0.63 0.64 0.64 0.52 0.67 0.66 0.56

Acc 0.746(±0.008) 0.776(±0.031) 0.745(±0.011) 0.776(±0.013) 
Avg Sens 0.752(±0.009) 0.798(±0.028) 0.692(±0.019) 0.741(±0.023) 

 Animal (Sens, Spec, MCC) 
ly 103 (97) 0.69 0.36 0.48 0.86 0.40 0.57 0.62 0.55 0.58 0.74 0.77 0.75
go 150 (139) 0.71 0.43 0.53 0.88 0.62 0.73 0.72 0.90 0.80 0.83 0.90 0.86
pe 157 (134) 0.71 0.31 0.44 0.90 0.77 0.83 0.67 0.88 0.76 0.77 0.89 0.82
er 198 (162) 0.68 0.56 0.60 0.74 0.60 0.65 0.70 0.85 0.76 0.77 0.86 0.80
mi 510 (442) 0.88 0.82 0.83 0.82 0.83 0.80 0.76 0.83 0.77 0.85 0.82 0.82
nu 837 (684) 0.82 0.73 0.73 0.84 0.81 0.80 0.76 0.82 0.76 0.75 0.83 0.76
ex 843 (820) 0.79 0.83 0.77 0.80 0.82 0.77 0.78 0.77 0.73 0.85 0.79 0.78
pm 1,238 (1,172) 0.73 0.90 0.76 0.85 0.90 0.84 0.87 0.82 0.79 0.87 0.87 0.83
cy 1,411 (1,289) 0.67 0.85 0.68 0.68 0.79 0.65 0.71 0.67 0.57 0.72 0.71 0.61

Acc 0.725(±0.007) 0.792(±0.018) 0.766(±0.011) 0.800(±0.012) 
Avg Sens 0.741(±0.025) 0.818(±0.027) 0.732(±0.019) 0.794(±0.017) 

Table 4.1.3: The performance of MultiLoc, EpiLoc, EpiLocNB and EpilocMWT on the MultiLoc data set. 
The ten subcellular locations for the plant data set are Golgi apparatus (go), vacuole (va), endoplasmic 
reticulum (er), peroxisome (pe), mitochondria (mi), extracellular space (ex), cytoplasm (cy), plasma 
membrane (pm), nucleus (nu) and chloroplast (ch). The nine subcellular locations in the animal data set are 
the same as for the plant data set, excluding vacuole and chloroplast and adding lysosome (ly). For each 
location, we provide the number of proteins from the data set and the number of proteins used for five-fold 
cross-validation in brackets. Sensitivity, specificity and Matthew’s Correlation coefficient are calculated on 
each organism type for each location. Accuracy and average sensitivity with their respective standard 
deviations are calculated for each organism type for the entire data set. The highest values are shown in 
boldface. 

First, we present the results for EpiLocNB and MultiLoc for individual location 

measurements. For the 57 location measurements shown in Table 4.1.3, MultiLoc has a higher 

value than EpiLocNB 28 times and the EpiLocNB system has a higher value than MultiLoc 29 

times. Furthermore, with respect to the overall accuracy measurement, EpiLocNB performs 
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slightly better than MultiLoc with the exception of the Plant data set. However, MultiLoc’s 

average sensitivity measurement is slightly better than that of EpiLocNB.  

Overall, EpiLocMWT performs better than the MultiLoc system for individual location 

measurements. For the 57 location measurements shown in Table 4.1.3, EpiLocMWT has a 

higher value than the MultiLoc system 35 times, the MultiLoc system has a higher value than 

EpiLocMWT 21 times and there is a tie for one measurement, which is from the animal data set 

from the mitochondria location. Furthermore, with respect to the overall accuracy and average 

sensitivity measurements, EpiLocMWT generally performs better than MultiLoc. However, 

EpiLocMWT’s average sensitivity for the plant data set is lower than MultiLoc’s average 

sensitivity because EpiLocMWT’s sensitivity on the vacuole location is very low. Moreoever, the 

sensitivity results shown in Table 4.1.3 for EpiLocNB follow the trends demonstrated over the 

previous two data sets. EpiLocNB’s sensitivity is low for locations with a small data set 

compared to the locations with a large data set. 

We now compare EpiLoc and EpiLocNB. The EpiLoc system performs better than 

EpiLocNB and the difference is statistically significant. With respect to individual location 

measurements, for the 57 scores shown in Table 4.1.2, EpiLoc has a value higher than 

EpiLocNB’s 32 times, EpiLocNB has a higher value than EpiLoc 13 times, and 12 measurements 

do not have statistically-significant differences. In addition, EpiLoc performs statistically 

significantly better than EpiLocNB for the average sensitivity and overall accuracy 

measurements. 

We next compare EpiLoc and EpiLocMWT. The performance of the two systems is 

almost the same. With respect to the individual location measurements, for the 57 scores shown 

in Table 4.1.3, EpiLocMWT has a higher value than EpiLoc 23 times, EpiLoc has a higher value 
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than EpiLocMWT 23 times and 11 measurements do not have statistically-significant differences. 

In addition, the average sensitivity for EpiLoc is slightly better than EpiLocMWT, with a 

statistically-significant difference. As for the overall accuracy, the difference between EpiLoc and 

EpiLocMWT is not statistically significant. 

Last, we compare EpiLocMWT and EpiLocNB. Similar to the performance of these two 

systems on the PLOC data set, EpiLocMWT performs better than EpiLocNB and the difference is 

statistically significant. With respect to individual location measurements, EpiLocMWT has a 

higher value than EpiLocNB 43 times, EpiLocNB has a higher value than EpiLocMWT one time 

(from the Plant data set for the nucleus location) and 13 measurements do not have statistically-

significant differences. Furthermore, EpiLocMWT performs better than EpiLocNB for both 

accuracy and average sensitivity measurements and the difference is statistically significant.  

In summary, over the MultiLoc data set, the results show that EpiLocNB performs equal 

to MultiLoc but worse than EpiLoc and EpiLocMWT. In contrast, EpiLocMWT performs better 

than EpiLocNB and MultiLoc and the performance is about equal with EpiLoc. 

4.1.4 Results from the Diff48 Data Set 

We present the results for EpiLocNB and EpiLocMWT on the Diff48 data set in Table 

4.1.4. In addition, we compare the performance of EpiLocNB and EpiLocMWT with the 

performance of EpiLoc. The Diff48 data set is different from the three previous data sets; none of 

the proteins in this data set is found in the five-fold cross-validation from the MultiLoc data set 

that was used to train EpiLocNB and EpiLocMWT. The Diff48 data set is not used for training as 

it is only used for testing evaluation purposes. Furthermore, for a meaningful evaluation, we only 

consider subcellular locations that have more than 20 protein representatives in the Diff48 data 
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set, namely the mitochondria, cytoplasm, nucleus and extracellular space. We refer to Section 

3.4.1 for details about the Diff48 data set. 

Diff48 Data Set 
Loc Number of Proteins EpiLoc EpiLocNB EpiLocMWT 

 (Sens, Spec) 
mi 21 0.67 0.64 0.57 0.43 0.76 0.39 
cy 91 0.59 0.56 0.63 0.40 0.62 0.47 
nu 111 0.56 0.85 0.32 0.78 0.32 0.86 
ex 132 0.87 0.97 0.89 0.93 0.95 0.93 

Acc 0.660 0.623 0.656 
Avg Sens 0.673 0.603 0.663 

Table 4.1.4: The performance of EpiLoc, EpiLocNB and EpiLocMWT on the Diff48 data set. Results for 
the subcellular locations that have fewer than twenty proteins in the data set are not shown. The four 
subcellular locations that have more than twenty proteins are extracellular space (ex), mitochondria (mi), 
cytoplasm (cy) and nucleus (nu). For each location, we show the number of associated proteins in the data 
set. Sensitivity and specificity measurements are calculated for each location. Accuracy and average 
sensitivity are calculated for the entire data set. The highest values are shown in boldface. 

 

We find EpiLocMWT shows higher sensitivity than EpiLoc with the exception of the 

nucleus location. The result is expected as we find a similar pattern when we test EpiLocMWT on 

the MultiLoc data set (Section 4.1.3). When applying EpiLocMWT, many proteins from the 

nucleus are incorrectly classified as cytoplasmic and vice versa. Moreover, the Diff48 data set is 

small compared to the MultiLoc data set so we have to look at the results with caution. Table 

4.1.4 shows EpiLocMWT’s specificity for mitochondria and cytoplasm to be lower than the 

specificity reported in Section 4.1.3. However, given that the MultiLoc data set is much larger, 

and has a different protein distribution, the results are not directly comparable. Although the 

Diff48 data set is not directly comparable, it provides an additional evaluation of the systems. The 

overall accuracy and average sensitivity measurements of EpiLoc, EpiLocNB and EpiLocMWT 

are about the same. 

In summary, over the Diff48 data set, EpiLocNB performs slightly worse than EpiLoc 

and EpiLocMWT. 
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4.2 System Comparison Results for HomoLocNB and 

HomoLocMWT 
In the previous section, we presented the results of running EpiLocNB and EpiLocMWT. 

In this section, we present results of running our second computational systems, HomoLocNB 

and HomoLocMWT, which use text from homologous proteins to associate with textless proteins. 

Sometimes a textless protein has no homologous proteins with which to be associated. The 

textless proteins with no homologous proteins are excluded from the experiment. In Section 4.2.1, 

we compare the performance of HomoLocNB and HomoLocMWT to the HomoLoc system on a 

subset of proteins from the MultiLoc data set which we refer to as textless proteins (see Section 

3.1.2). In Section 4.2.2, we present the results for HomoLocNB, HomoLocMWT and HomoLoc 

on the proteins from the MultiLoc data set that have associated text. However, in the experiments 

described in Section 4.2.2, when we associate text with these proteins, we only use text from 

homologous proteins. We test the HomoLoc, HomoLocMWT and HomoLocNB systems on the 

MultiLoc data set in Section 4.2.2 because the MultiLoc data set is larger than the MultiLoc 

textless protein data set, which allows us to have a better assessment. As before, we perform the 

paired sample t-test between HomoLoc and HomoLocNB, HomoLoc and HomoLocMWT and 

HomoLocNB and HomoLocMWT for each individual location sensitivity, specificity and 

Matthew’s Correlation coefficient, the overall accuracy and average sensitivity. 

4.2.1 Results from the MultiLoc Textless Protein Data Set 

Table 4.2.1 presents the results of HomoLocNB and HomoLocMWT for animal and plant 

proteins, on a subset of the MultiLoc data set, whereas the results for the fungal data set are given 

in Appendix C, Table C.3. This subset consists of proteins to which we refer as textless proteins, 

as they have no associated curated text in Swiss-Prot. In Table 4.2.1, because some of the textless 
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proteins have no homologous proteins to associate, only the textless proteins with associated 

homologous proteins are evaluated. The number of textless proteins with associated homologous 

proteins is in brackets in Table 4.2.1. We compare the performance of HomoLocNB and 

HomoLocMWT with the performance of the HomoLoc system. 

MultiLoc Textless Proteins 
Loc Number of Proteins HomoLoc HomoLocNB HomoLocMWT 

 Plant (Sens, Spec, MCC) 
va 14 (11) 0.64 0.09 0.20 0.45 0.45 0.44 0.45 1.00 0.67
go 10 (7) 0.60 1.00 0.77 0.86 1.00 0.92 0.86 1.00 0.92
pe 22 (12) 0.46 1.00 0.67 0.50 1.00 0.70 0.42 1.00 0.64
ex 22 (6) 0.68 0.52 0.58 0.83 0.26 0.46 0.83 0.26 0.46
er 35 (27) 0.66 0.92 0.77 0.81 0.85 0.82 0.81 0.85 0.82
pm 65 (49) 0.74 0.98 0.84 0.90 0.88 0.88 0.92 0.92 0.91
mi 67 (57) 0.84 0.97 0.89 0.72 0.68 0.66 0.70 0.77 0.70
ch 101 (95) 0.88 0.80 0.80 0.84 0.82 0.79 0.86 0.84 0.81
cy 121 (89) 0.62 0.77 0.63 0.57 0.53 0.45 0.69 0.54 0.50
nu 152 (133) 0.75 0.93 0.79 0.76 0.88 0.76 0.74 0.88 0.74

Acc 0.731 0.743 0.760 
Avg Sens 0.686 0.725 0.728 

 Animal (Sens, Spec, MCC) 
ly 5 (4) 0.80 0.57 0.67 1.00 0.80 0.89 1.00 0.80 0.89
go 10 (7) 0.90 0.11 0.29 0.86 0.86 0.85 0.86 1.00 0.92
pe 22 (12) 0.46 1.00 0.67 0.58 0.88 0.71 0.67 0.89 0.76
ex 22 (6) 0.73 0.70 0.70 0.83 0.29 0.48 0.83 0.25 0.44
er 35 (27) 0.69 0.73 0.69 0.85 0.92 0.88 0.85 1.00 0.92
pm 65 (49) 0.68 0.70 0.70 0.86 0.93 0.88 0.92 0.96 0.93
mi 67 (57) 0.91 0.94 0.91 0.83 0.89 0.84 0.90 0.95 0.91
cy 121 (89) 0.74 0.86 0.74 0.79 0.64 0.61 0.79 0.62 0.60
nu 152 (133) 0.80 0.95 0.82 0.80 0.92 0.79 0.77 0.94 0.79

Acc 0.762 0.808 0.820 
Avg Sens 0.745 0.822 0.843 

Table 4.2.1: The performance of HomoLoc, HomoLocNB and HomoLocMWT on the subset of textless 
proteins from the MultiLoc data set. The ten subcellular locations for the plant data set are Golgi apparatus 
(go), vacuole (va), endoplasmic reticulum (er), peroxisome (pe), mitochondria (mi), extracellular space 
(ex), cytoplasm (cy), plasma membrane (pm), nucleus (nu) and chloroplast (ch). The nine subcellular 
locations in the animal data set are the same as for the plant data set excluding chloroplast and vacuole and 
adding lysosome (ly). For each location, we provide the number of proteins from the data set and the 
number of proteins used for evaluation purposes in brackets. Some proteins do not have homologous 
proteins; these proteins are excluded from testing. Sensitivity, specificity and Matthew’s Correlation 
coefficient measurements are calculated for each organism type and for each location. Accuracy and 
average sensitivity are calculated for each organism type for the entire data set. The highest values are 
shown in boldface. 
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We first compare the performance of HomoLocNB and HomoLoc with respect to 

individual subcellular locations. The results in Table 4.2.1 show that HomoLoc and HomoLocNB 

perform almost the same. We tabulate 57 scores of individual location measurements and we find 

that HomoLocNB has a higher value than HomoLoc 28 times, HomoLoc has a higher value than 

HomoLocNB 26 times and three measurements are tied. For the accuracy and average sensitivity 

measurements, HomoLocNB is comparable to HomoLoc. 

We then compare the performance of HomoLocMWT and HomoLoc with respect to 

individual subcellular locations. Like the performance of HomoLocNB and HomoLoc, the results 

in Table 4.2.1 show that HomoLoc and HomoLocMWT perform almost the same. We tabulate 57 

scores of individual location measurements and we find that HomoLocMWT has a higher value 

than HomoLoc 28 times, HomoLoc has a higher value than HomoLocMWT 26 times and 3 

measurements are tied. In terms of accuracy and average sensitivity measurements, 

HomoLocMWT is comparable to HomoLoc. 

Last we compare the performance of HomoLocMWT and HomoLocNB. The results in 

Table 4.2.1 show that HomoLocMWT performs better than HomoLocNB where HomoLocMWT 

has a better accuracy and average sensitivity than HomoLocNB. For the individual location 

measurements, HomoLocMWT has a higher value then HomoLocNB 26 times, HomoLocNB has 

a higher value than HomoLocMWT 11 times and 20 measurements are tied.  

For the most part, Table 4.2.1 shows that HomoLocMWT performs better than 

HomoLocNB and HomoLoc; however, this textless data set, similar to the Diff48 data set, is 

small compared to the MultiLoc data set. Due to the good performance of HomoLocMWT on the 

textless protein data set, we further investigate to ascertain whether the result is due to the change 

in classifier or to the small data set. 
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4.2.2 Results from the MultiLoc Data Set 

We test HomoLoc, HomolocNB and HomoLocMWT on proteins in the MultiLoc data set 

that do have associated text.  This collection of proteins makes for a larger data set and therefore 

provides a better assessment. To test the ability of homology to associate text with proteins, we 

ignore the text that Swiss-Prot directly associated with these proteins and only use text from their 

homologous proteins. This method of protein representation is introduced by Brady et al. (2008) 

and is discussed in Section 3.1.2, which describes how we associate text with textless proteins.  

Table 4.2.2 presents the results for HomoLoc, HomoLocNB and HomoLocMWT on the 

MultiLoc data set. As before, we present the individual location measurements along with the 

performance metric for the entire data set. Furthermore, we perform paired sample t-tests between 

HomoLoc and HomoLocNB, HomoLoc and HomoLocMWT and HomoLocMWT and 

HomoLocNB for each individual location sensitivity, specificity and Matthew’s Correlation 

coefficient, the overall accuracy and average sensitivity. The recorded p-values are given in 

Appendix B, Table B.10, B.11 and B.12. 
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MultiLoc Data Set 
Loc Number of Proteins HomoLoc HomoLocNB HomoLocMWT 

 Plant (Sens, Spec, MCC) 
va 63 (48) 0.77 0.28 0.45 0.51 0.72 0.60 0.55 0.76 0.64
go 150 (139) 0.87 0.65 0.74 0.77 0.95 0.85 0.78 0.97 0.87
pe 157 (134) 0.77 0.68 0.72 0.66 0.76 0.70 0.54 0.80 0.65
er 198 (162) 0.79 0.72 0.74 0.61 0.65 0.62 0.68 0.92 0.78
ch 449 (347) 0.81 0.80 0.79 0.80 0.80 0.79 0.83 0.83 0.82
mi 510 (442) 0.78 0.83 0.79 0.77 0.70 0.70 0.69 0.82 0.73
nu 837 (684) 0.86 0.82 0.82 0.76 0.81 0.76 0.71 0.86 0.75
ex 843 (820) 0.85 0.81 0.80 0.78 0.71 0.69 0.86 0.79 0.79
pm 1,238 (1,172) 0.89 0.91 0.87 0.90 0.76 0.77 0.87 0.87 0.83
cy 1,411 (1,289) 0.66 0.79 0.65 0.54 0.67 0.49 0.75 0.63 0.57

Acc 0.802(±0.016) 0.740(±0.015) 0.780(±0.013) 
Avg Sens 0.805(±0.021) 0.709(±0.038) 0.725(±0.024) 

 Animal (Sens, Spec, MCC) 
ly 103 (97) 0.84 0.50 0.64 0.75 0.66 0.70 0.73 0.87 0.79
go 150 (139) 0.90 0.73 0.80 0.82 0.97 0.89 0.81 0.96 0.88
pe 157 (134) 0.80 0.70 0.74 0.67 0.73 0.69 0.60 0.80 0.68
er 198 (162) 0.77 0.68 0.71 0.74 0.78 0.75 0.73 0.90 0.80
mi 510 (442) 0.79 0.84 0.80 0.77 0.77 0.75 0.74 0.85 0.77
nu 837 (684) 0.87 0.84 0.83 0.78 0.84 0.78 0.72 0.88 0.76
ex 843 (820) 0.83 0.83 0.79 0.79 0.75 0.72 0.85 0.80 0.78
pm 1,238 (1,172) 0.89 0.91 0.87 0.90 0.80 0.79 0.89 0.87 0.84
cy 1,411 (1,289) 0.71 0.80 0.68 0.63 0.70 0.56 0.78 0.68 0.62

Acc 0.816(±0.017) 0.768(±0.011) 0.799(±0.011) 
Avg Sens 0.823(±0.026) 0.761(±0.023) 0.760(±0.023) 

Table 4.2.2: The performance of HomoLoc, HomoLocNB and HomoLocMWT on the MultiLoc data set. 
The ten subcellular locations for the plant data set are Golgi apparatus (go), vacuole (va), endoplasmic 
reticulum (er), peroxisome (pe), mitochondria (mi), extacellular space (ex), cytoplasm (cy), plasma 
membrane (pm), nucleus (nu) and chloroplast (ch). The nine subcellular locations in the animal data set are 
the same as for the plant data set excluding chloroplast and vacuole and adding lysosome (ly). For each 
location, we provide the number of proteins from the data set the number of proteins used for five-fold 
cross-validation in brackets. Sensitivity, specificity and Matthew’s Correlation coefficient are calculated for 
each organism type for each location. Accuracy and average sensitivity with their respective standard 
deviations are calculated for each organism for the entire data set. The highest values are shown in 
boldface. 

First, we compare the performance of HomoLocNB and HomoLoc. As before, we present 

the individual location measurements along with the performance metric for the entire data set. 

HomoLoc performs better than HomoLocNB: HomoLoc has a higher value than HomoLocNB 33 

times, HomoLocNB has a higher value 11 times than HomoLoc and 13 measurements do not 
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have statistically-significant differences. For accuracy and average sensitivity measurements, 

HomoLoc performs better than HomoLocNB and the difference is statistically significant. 

Next, we compare the performance of HomoLocMWT and HomoLoc. We find HomoLoc 

performing slightly better than HomoLocMWT but the difference is statistically significant. With 

respect to the 57 location measurements, HomoLocMWT has a higher value than HomoLoc 20 

times, HomoLoc has a higher value then HomoLocMWT 29 times and 8 measurements do not 

have statistically-significant differences. The difference in accuracy and average sensitivity 

measurement for HomoLoc and HomoLocMWT is small but statistically significant.  

Last, we compare the performance of HomoLocMWT and HomoLocNB. The results in 

performance for the two systems are similar to those in Table 4.2.1. HomoLocMWT performs 

better than HomoLocNB. For the individual location measurements, HomoLocMWT has a higher 

value than HomoLocNB 31 times, HomoLocNB has a higher value than HomoLocMWT 11 

times and 15 measurements do not have statistically-significant differences. HomoLocMWT has 

a better accuracy and average sensitivity measurement than HomoLocNB; however, only the 

difference in accuracy is statistically significant.  
In summary, using the MultiLoc data set, HomoLoc performs better than HomoLocNB 

but only slightly better than HomoLocMWT. We conclude that the performance of 

HomoLocMWT is comparable to that of HomoLoc. 
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Chapter 5 

Conclusion and Future Work 

We investigated the use of the naïve Bayes classifier as part of a computational system 

for predicting protein subcellular location. We are interested in the naïve Bayes classifier because 

it is simple, easy to implement, based on well studied probability theory and efficient compared 

to the support vector machine. In addition, Briesmeister et al. (2010) experimented with replacing 

MultiLoc’s classifier with the naïve Bayes classifier. They did this because they wanted 

explainability; that is, they wanted a classifier that can provide human-understandable reasons to 

justify its classification decisions.  

5.1 Conclusion 
1. We evaluated the impact of replacing the support vector machine classifiers in the 

EpiLoc and the HomoLoc systems with either a naïve Bayes classifiers or a Mean Weight 

Text classifier. In our experiments with the naïve Bayes classifier, we evaluated two 

methods for handling continuous value attributes to estimate the likelihood: 

parameterized distribution and discretization. We found that the discretization method is 

more suitable for our data. To replace EpiLoc and HomoLoc’s classifier, we needed to 

understand and modify the code underlying these systems. 

2. We also implemented a novel classifier that we called a Mean Weight Text classifier. The 

Mean Weight Text classifier is simple to implement, and efficient compared to the 

support vector machine classifier. Similar to our use of the naïve Bayes classifier, we 

replaced the support vector machine classifier from the EpiLoc and HomoLoc systems 
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with a Mean Weight Text classifier. We refer to these two modified systems as 

EpiLocMWT and HomoLocMWT, respectively.  

3. We designed and carried out experiments to compare the performance of the EpiLocNB 

and the EpiLocMWT systems to several state-of-the-art protein subcellular location 

prediction systems, namely, TargetP, PLOC and MultiLoc. We used the same data sets 

that were used to evaluate the EpiLoc system; these are also the same data sets that were 

used to train and test the other systems to which we compare our work (summarized in 

Chapter 3). For five-time stratified five-fold cross-validation, we ran the EpiLocNB and 

EpiLocMWT systems on the same data partition as was used for training and testing the 

EpiLoc system. This allowed us to perform a paired sample t-test on each of the five 

performance metrics (see Chapter 3 for details).  

We designed and carried out experiments to compare the performance of the 

HomoLocNB and HomoLocMWT systems to the HomoLoc system. We used the same 

data sets that were used to evaluate the HomoLoc system; these consist of a textless data 

set and the MultiLoc data set. Both data sets are summarized in Chapter 3. When training 

and testing the HomoLocNB and HomoLocMWT systems over the MultiLoc data set, we 

used the same 5-fold data partitions as was used for the HomoLoc system. This allowed 

us to perform a paired sample t-test on the five performance metrics (see Chapter 3 for 

details). 

We analyzed the results of the experiments. In general, we found that the 

modified systems, EpiLocNB, EpiLocMWT, HomoLocNB and HomoLocMWT had a 

classification accuracy that was about the same as, or slightly worse than, the 
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classification accuracy of the state-of-the-art systems. These findings are discussed in the 

following paragraphs. 

The performance of the EpiLocNB system was the same as or slightly worse than 

that of the state-of-the-art protein subcellular location prediction systems that use protein 

features. In Chapter 2, we discussed protein subcellular location prediction systems that 

use amino acid and targeting sequence peptide as features. Sometimes protein features 

used in protein subcellular location prediction systems are not able to relate a protein to 

its subcellular location. The EpiLocNB and EpiLocMWT systems provide a suitable 

additional method for predicting protein subcellular location.  

We analyzed many of our experimental results by performing statistical tests, 

applying the paired sample t-test, to determine the significance of observed differences in 

performance. We performed the tests on the results obtained from running EpiLoc, 

EpiLocNB and EpiLocMWT on the TargetP, PLOC and MultiLoc data sets. We also 

performed the tests on the results obtained from running HomoLoc, HomoLocNB and 

HomoLocMWT on the MultiLoc data set.  

We draw the following conclusions from the paired sample t-tests used to 

compare the EpiLocNB and EpiLoc systems: The EpiLoc system performs better than the 

EpiLocNB system when the data sets available for training are small; the difference is 

statistically significant. Conversely, when the data sets available are large, the EpiLocNB 

system performs at a level equal to the EpiLoc system; the difference is small but 

statistically significant.  

We then analyzed the results from the paired sample t-tests used to compare the 

EpiLoc and the EpiLocMWT systems. Similar to the results of comparing the EpiLoc and 
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EpiLocNB systems on small data sets, the EpiLoc system performs better than the 

EpiLocMWT system when the data sets available for training are small; the difference is 

statistically significant. However, when the data sets are large, EpiLocMWT performs on 

par or sometimes better than the EpiLoc system; again the difference is small but 

statistically significant. 

Last, we analyzed the results from the paired sample t-tests used to compare the 

EpiLocNB and the EpiLocMWT systems. The EpiLocMWT system performs better than 

the EpiLocNB system when the data sets available for training are small; the difference in 

performance is small but statistically significant. When the data sets are large, the 

EpiLocMWT system performs about equal or slightly better compared to the 

EpiLocMWT; the difference is small but statistically significant. 

We draw the following conclusions from the paired sample t-tests resulting from 

our comparison of the HomoLocNB and HomoLoc systems: The HomoLoc system’s 

accuracy and average sensitivity is better than the accuracy and average sensitivity of the 

HomoLocNB system. The difference between the accuracy and average sensitivity of the 

HomoLoc and HomoLocNB systems is statistically significant. 

We then compared the HomoLoc and the HomoLocMWT systems. The 

HomoLoc system’s accuracy and average sensitivity is slightly better than the accuracy 

and average sensitivity for the HomoLocMWT system and the difference is statistically 

significant.  

Last, we compared the HomoLocNB and HomoLocMWT systems’ overall 

accuracy and average sensitivity. We found that the accuracy and average sensitivity of 
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the HomoLocMWT system to be better than the accuracy and average sensitivity of 

HomoLocNB’s system and the difference is statistically significant. 

5.2 Future Work 
We propose seven extensions to this work. The first four extensions apply to the systems 

that use the naïve Bayes classifier to predict protein subcellular location based on text. The fifth 

extension applies to the Mean Weight Text classifier and the last two extensions apply to current 

protein subcellular location systems in general. 

1. Integrate HomoLocNB with the YLoc system (Briesemeister et al., 2010) which uses the 

naïve Bayes classifier. In an integrated system, the results of individual classifiers are 

combined to produce an overall result. Such classifier combination often leads to 

improved performance. For example, the SherLoc system, which integrates an early 

version of EpiLoc and of MultiLoc, has shown better performance than each individual 

classifier (Shatkay et al., 2007). Thus, integrating HomoLocNB and YLoc is likely to 

lead to performance that surpasses the performances of either of these systems alone.  

2. Test and train the EpiLocNB and the HomoLocNB systems on more recent data sets. In 

Section 3.3.1 we present the TargetP, PLOC and MultiLoc data sets; these were all built 

from Swiss-Prot version 42.0 or earlier. The YLoc developers (Briesemeister et al., 2010) 

evaluated their system with two independent data sets. The first data set contains proteins 

between Swiss-Prot release 49 and 54 with 432 animal, 418 fungi and 132 plant proteins. 

The second data set consists of 198 new animal proteins from Swiss-Prot release 55.3. 

With these new data sets, we can further evaluate the text-based classifiers. 

3. Create automated explanations for the results of the naïve Bayes classifier. Such 

explanations can help the end user understand the result, and may increase the user’s 
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confidence in the result. One of the motivations for using the naïve Bayes classifier is that 

it is based on well-understood probability theory. Lu et al. built a system that uses the 

naïve Bayes classifier because the results produced by such a classifier are simple to 

explain to biologists (Lu et al., 2004). We have a similar opportunity to include 

explanations about how the results in EpiLocNB and HomoLocNB are derived. 

4. Modify HomoLocNB’s method of associating text with proteins. As explained in Section 

3.1.2, the HomoLocNB system uses text (abstracts) taken from publications about the top 

three homologous proteins.  However, the HomoLocNB system does not use the text 

(abstracts) that is associated to the protein of interest as the HomoLocNB system handles 

the protein of interest as a textless protein. An extension is for the HomoLocNB system 

to use both the associated text (abstract) from its protein of interest and associated text 

(abstract) from the top three homologous proteins. This should further enhance 

HomoLocNB’s prediction performance. 

5. Modify the Mean Weight Text classifier. As presented in Section 3.3, when determining 

the best subcellular location to which a protein can be classified, we consider the 

protein’s terms that are present. However, we do not take into account the weight of each 

term that is present. The next step is to include the term weight in the calculation to 

determine which subcellular location a protein is best assigned to: 

  arg  · ln  , 

where  is the weight of each term  that is present in a protein  and  
 is the mean of each term  that is in class . 

5.1
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6. Create computational systems that treat subcellular locations in a more general way, 

predicting not just one subcellular location for a protein, but rather predicting a set of 

subcellular locations. Current computational systems for predicting protein subcellular 

location are limited to predicting one subcellular location for each protein. This is a 

serious limitation, since in reality a protein is dynamic and over its lifetime, a particular 

protein migrates between a variety of locations. (Silva-Filho, 2003).  

7. Use a larger set of subcellular locations in EpiLocNB, EpiLocMWT, HomoLocNB and 

HomoLocMWT. Currently, these systems assign a protein to one of 11 main subcellular 

locations. However, a further subdivision of these locations is possible. For instance, the 

subcellular location mitochondrion has sub-subcellular compartments: cristae, matrix and 

others. By expanding the granularity of subcellular locations that can be predicted, further 

insight into the function of a protein may be gained. 

In this work we introduced and implemented two systems, EpiLocNB and HomoLocNB 

that can explain their results with little loss in performance accuracy compared to the existing two 

systems, EpiLoc and HomoLoc. Furthermore, we introduced a novel classifier, Mean Weight 

Text classifier which is simple to implement, and which has performance almost matching that of 

the support vector machine classifier.   
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Appendix A 

Stop Words List 

 

a Be ec Hers make only since through whereupon 
about became ed Herself many  onto s throughout wherever 
above because effected him may or some thru whether 
across become eg himself me other somehow thus which 
after becomes either his meanwhile others someone to while 
afterwards becoming else how mg otherwise something together whither 
again been elsewhere however might our sometimes too who 
against before enough hr ml ours sometimes toward whoever 
al beforehand et ie mm ourselves somewhere towards whom 
all being etc if mo out still try whose 
almost below ever ii more over studied type why 
alone beside every iii moreover own sub ug will 
along besides everyone in most oz such under with 
already between everything inc mostly per take unless within 
also beyond everywhere incl mr perhaps tell  until without 
although both except indeed much pm th up wk 
always but find into must precede than upon would 
am by for investigate my presently that us wt 
among came found is myself previously the used yet 
amongst cannot from it namely pt their using you 
an cc further its neither rather them various your 
analyze cm get itself never regarding themselves very yours 
and come give j nevertheless relate then via yourself 
another compare go jour next said thence was yourselves 
any could gov journal no same there we yr 
anyhow de had just nobody seem thereafter were  
dealing dealing has kg no one seemed thereby what 
anything department have last nor seeming therefore whatever 
anywhere depend he latter not seems therein when 
applicable did hence latterly nothing seriously thereupon whence 
apply discover her lb  now several these whenever 
are dl here ld nowhere she they where 
around do hereafter letter of should this whereafter 
as does hereby like off show thorough whereas 
assume during herein ltd often showed those whereby 
at each hereupon made on shown though wherein 

Table A.1 List of common terms. 
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Appendix B 

P-values from Comparing Text Classifiers 

TargetP Data Set 
Loc Number of Proteins Sensitivity Specificity MCC 

 Plant (EpiLocNB, EpiLoc, p-value) 
ch 141 (123) 0.62 0.92 8.7e-16 0.71 0.53 1.1e-10 0.65 0.68 0.04 
mi 477 (443) 0.78 0.89 2.9e-12 0.78 0.81 1.1e-03 0.75 0.82 1.8e-10
sp 983 (921) 0.86 0.89 1.1e-04 0.80 0.84 1.2e-09 0.76 0.80 3.7e-10
ot 1,814 (1,636) 0.85 0.84 4.0e-04 0.89 0.94 7.6e-20 0.73 0.78 5.5e-11

Acc 0.837(±0.013) 0.862(±0.017) 1.6e-09 
Avg Sens 0.779(±0.027) 0.882(±0.021) 1.8e-16 

 Non-Plant (EpiLocNB, EpiLoc, p-value) 
mi 477 (443) 0.76 0.92 5.8e-18 0.85 0.84 0.15 0.77 0.86 5.1e-14
sp 983 (921) 0.90 0.93 5.8e-06 0.83 0.86 2.1e-04 0.80 0.84 1.6e-08
ot 1,814 (1,636) 0.88 0.88 0.077 0.90 0.95 1.6e-13 0.76 0.81 1.3e-10

Acc 0.870(±0.013) 0.899(±0.011) 1.2e-11 
Avg Sens 0.848(±0.014) 0.908(±0.012) 1.1e-17 

Table B.1: The performance of EpiLocNB and EpiLoc on the TargetP data set. The non-plant data set has three 
subcellular locations: mitochondria (mi), secretory pathway (sp) and other (ot). The four subcellular locations for the 
plant data set are the same as for the non-plant data set with the addition of chloroplast (ch). For each location, we 
provide the number of proteins from the data set and the number of proteins used for five-fold cross-validation in 
brackets. Sensitivity, specificity and Matthew’s Correlation coefficient are calculated on each organism type for each 
location. Accuracy and average sensitivity with their respective standard deviations are calculated for each organism 
for the entire data set. When comparing the results of EpiLocNB and EpiLoc we present the p-value which is calculated 
by the paired sample t-test. The highest values are shown in boldface. 
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TargetP Data Set 
Loc Number of Proteins Sensitivity Specificity MCC 

 Plant (EpiLocMWT, EpiLoc, p-value) 
ch 141 (123) 0.84 0.92 1.2e-05 0.62 0.53 7.5e-06 0.71 0.68 0.054 
mi 477 (443) 0.87 0.89 0.014 0.81 0.81 0.39 0.81 0.82 0.041 
sp 983 (921) 0.91 0.89 2.7e-05 0.82 0.84 9.6e-05 0.80 0.80 0.98 
ot 1,814 (1,636) 0.83 0.84 0.37 0.94 0.94 0.066 0.78 0.78 0.14 

Acc 0.862(±0.016) 0.862(±0.017) 0.95 
Avg Sens 0.864(±0.023) 0.882(±0.021) 8.0e-05 

 Non-Plant (EpiLocMWT, EpiLoc, p-value) 
mi 477 (443) 0.89 0.92 1.8e-04 0.81 0.84 3.0e-04 0.82 0.86 3.0e-05
sp 983 (921) 0.93 0.93 0.57 0.85 0.86 0.71 0.84 0.84 0.98 
ot 1,814 (1,636) 0.86 0.88 5.3e-03 0.94 0.95 0.023 0.79 0.81 3.5e-04

Acc 0.890(±0.013) 0.899(±0.011) 5.4e-04 
Avg Sens 0.897(±0.015) 0.908(±0.012) 2.6e-04 

Table B.2: The performance of EpiLocMWT and EpiLoc on the TargetP data set. The non-plant data set has three 
subcellular locations: mitochondria (mi), secretory pathway (sp) and other (ot). The four subcellular locations for the 
plant data set are the same as for the non-plant data set with the addition of chloroplast (ch). For each location, we 
provide the number of proteins from the data set and the number of proteins used for five-fold cross-validation in 
brackets. Sensitivity, specificity and Matthew’s Correlation coefficient are calculated on each organism type for each 
location. Accuracy and average sensitivity with their respective standard deviations are calculated for each organism 
for the entire data set. When comparing the results of EpiLocMWT and EpiLoc, we present the p-value which is 
calculated by the paired sample t-test. The highest values are shown in boldface. 

TargetP Data Set 
Loc Number of Proteins Sensitivity Specificity MCC 

 Plant (EpiLocMWT, EpiLocNB, p-value) 
ch 141 (123) 0.84 0.62 1.2e-10 0.62 0.71 5.8e-06 0.71 0.65 1.4e-03
mi 477 (443) 0.87 0.78 1.3e-12 0.81 0.78 9.2e-03 0.81 0.75 2.7e-09
sp 983 (921) 0.91 0.86 3.0e-10 0.84 0.80 2.3-05 0.80 0.76 1.5e-09
ot 1,814 (1,636) 0.83 0.85 4.9e-06 0.94 0.89 1.7e-17 0.78 0.73 6.7e-10

Acc 0.862(±0.016) 0.837(±0.013) 2.1e-09 
Avg Sens 0.864(±0.023) 0.779(±0.027) 2.9e-13 

 Non-Plant (EpiLocMWT, EpiLocNB, p-value) 
mi 477 (443) 0.89 0.76 7.9e-18 0.81 0.85 2.6e-05 0.82 0.77 1.6e-07
sp 983 (921) 0.93 0.90 3.7e-08 0.85 0.83 2.3e-05 0.84 0.80 8.8e-10
ot 1,814 (1,636) 0.86 0.88 4.0e-06 0.94 0.90 9.0e-13 0.79 0.76 3.1e-06

Acc 0.890(±0.013) 0.870(±0.013) 3.2e-09 
Avg Sens 0.897(±0.015) 0.848(±0.014) 9.9e-17 

Table B.3: The performance of EpiLocMWT and EpiLocNB on the TargetP data set. The non-plant data set has three 
subcellular locations: mitochondria (mi), secretory pathway (sp) and other (ot). The four subcellular locations for the 
plant data set are the same as for the non-plant data set with the addition of chloroplast (ch). For each location, we 
provide the number of proteins from the data set and the number of proteins used for five-fold cross-validation in 
brackets. Sensitivity, specificity and Matthew’s Correlation coefficient are calculated on each organism type for each 
location. Accuracy and average sensitivity with their respective standard deviations are calculated for each organism 
for the entire data set. When comparing the results of EpiLocMWT and EpiLocNB, we present the p-value which is 
calculated by the paired sample t-test. The highest values are shown in boldface. 
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PLOC Data Set 
Loc Number of Proteins Sensitivity Specificity MCC 

 Plant (EpiLocNB, EpiLoc, p-value) 
cs 41 (37) 0.62 0.84 1.2e-08 0.86 0.34 4.3e-13 0.72 0.53 1.4e-06 
go 48 (34) 0.63 0.76 2.8e-03 0.71 0.40 1.2e-08 0.65 0.54 1.6e-03 
va 54 (44) 0.33 0.69 2.0e-10 0.55 0.17 1.7e-09 0.42 0.33 7.1e-03 
er 114 (101) 0.57 0.70 1.4e-06 0.71 0.32 5.8e-14 0.63 0.46 2.0e-08 
pe 125 (114) 0.61 0.83 3.1e-14 0.75 0.58 3.6e-08 0.67 0.68 0.2 
ch 671 (528) 0.88 0.88 0.82 0.79 0.80 0.31 0.82 0.82 0.32 
mi 727 (625) 0.74 0.75 0.37 0.76 0.87 1.9e-12 0.73 0.79 1.1e-10 
ex 862 (805) 0.72 0.70 0.35 0.64 0.66 0.012 0.63 0.63 0.43 
cy 1,245 (1,113) 0.54 0.56 0.14 0.55 0.62 7.0e-07 0.45 0.51 02.1e-05 
pm 1,677 (1,184) 0.75 0.78 7.7e-06 0.80 0.86 8.7e-08 0.73 0.78 1.6e-08 
nu 1,932 (1,833) 0.84 0.80 1.1e-07 0.83 0.91 1.1e-17 0.77 0.81 9.9e-08 

Acc 0.737(±0.012) 0.742(±0.015) 9.7e-02 
Avg Sens 0.657(±0.040) 0.753(±0.028) 5.4e-12 

 Animal (EpiLocNB, EpiLoc, p-value) 
cs 41 (37) 0.63 0.84 2.8e-07 0.83 0.34 7.6e-15 0.72 0.52 1.6e-07 
go 48 (34) 0.59 0.77 2.6e-05 0.79 0.52 3.9e-06 0.67 0.63 0.22 
ly 93 (85) 0.66 0.89 4.1e-10 0.59 0.34 1.5e-09 0.61 0.53 1.1e-03 
er 114 (101) 0.55 0.72 7.2e-08 0.75 0.31 3.0e-15 0.64 0.46 3.4e-08 
pe 125 (114) 0.60 0.85 2.1e-13 0.75 0.57 8.1e-07 0.66 0.69 0.22 
mi 727 (625) 0.74 0.79 1.9e-06 0.76 0.85 1.1e-09 0.72 0.80 6.7e-11 
ex 862 (805) 0.71 0.74 0.011 0.64 0.69 2.1e-04 0.62 0.66 4.1e-05 
cy 1,245 (1,113) 0.59 0.53 0.032 0.58 0.63 1.2e-07 0.49 0.49 0.78 
pm 1,677 (1,184) 0.74 0.79 2.8e-09 0.80 0.85 6.8e-08 0.71 0.78 2,7e-12 
nu 1,932 (1,833) 0.85 0.81 1.4e-05 0.83 0.90 7.2e-13 0.76 0.80 1.2e-05 

Acc 0.731(±0.011) 0.743(±0.029) 0.052 
Avg Sens 0.665(±0.034) 0.773(±0.039) 1.4e-13 

 Fungal (EpiLocNB, EpiLoc, p-value) 
cs 41 (37) 0.64 0.83 3.1e-05 0.81 0.30 8.3e-15 0.71 0.49 4.7e-10 
go 48 (34) 0.59 0.78 3.6e-05 0.78 0.40 9.8e-08 0.67 0.54 3.4e-03 
va 54 (44) 0.36 0.78 5.9e-11 0.56 0.19 1.1e-07 0.44 0.37 0.086 
er 114 (101) 0.56 0.74 1.6e-08 0.72 0.25 2.5e-19 0.62 0.42 9.1e-12 
pe 125 (114) 0.62 0.85 8.0e-11 0.72 0.52 1.4e-08 0.66 0.65 0.61 
mi 727 (625) 0.77 0.77 0.79 0.76 0.83 3.2e-05 0.74 0.77 5.4e-04 
ex 862 (805) 0.71 0.68 0.15 0.63 0.59 0.014 0.61 0.57 3.2e-03 
cy 1,245 (1,113) 0.58 0.36 1.1e-06 0.57 0.62 0.056 0.48 0.36 5.8e-06 
pm 1,677 (1,184) 0.74 0.77 2.5e-05 0.79 0.81 0.056 0.71 0.74 1.9e-04 
nu 1,932 (1,833) 0.83 0.79 6.0e-05 0.83 0.87 3.3e-05 0.75 0.76 0.57 

Acc 0.729(±0.009) 0.687(±0.031) 7.5e-07 
Avg Sens 0.641(±0.024) 0.735(±0.030) 1.1e-14 

Table B.4: The performance of EpiLocNB and EpiLoc on the PLOC data set. The eleven subcellular locations for the plant 
data set are Golgi apparatus (go), cytoskeleton (cs), vacuole (va), endoplasmic reticulum (er), peroxisomal (pe), chloroplast 
(ch), mitochondria (mi), extracellular space (ex), cytoplasm (cy), plasma membrane (pm) and nucleus (nu). The ten 
subcellular locations in the animal data set are the same as for the plant data set, excluding vacuole and chloroplast and adding 
lysosomal (ly). The ten subcellular locations in the fungal data set are the same as for the plant data set, excluding chloroplast. 
For each location, we provide the number of proteins in the data set and the number of proteins used for five-fold cross-
validation in brackets. Sensitivity, specificity and Matthew’s Correlation coefficient are calculated on each organism type for 
each location. Accuracy and average sensitivity with their respected standard deviations are calculated for each organism for 
the entire data set. When comparing the results of EpiLocNB and EpiLoc, we present the p-value which is calculated by the 
paired sample t-test. The highest values are shown in boldface. 
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PLOC Data Set 
Loc Number of Proteins Sensitivity Specificity MCC 

   Plant (EpiLocMWT, EpiLoc, p-value) 
cs 41 (37) 0.61 0.84 3.9e-08 0.82 0.34 1.1e-13 0.70 0.53 1.4e-07 
go 48 (34) 0.58 0.76 1.8e-05 0.75 0.40 7.8e-10 0.65 0.54 4.9e-04 
va 54 (44) 0.29 0.69 1.1e-08 0.64 0.17 9.0e-09 0.41 0.33 0.025 
er 114 (101) 0.62 0.70 8.8e-04 0.77 0.32 2.2e-17 0.68 0.46 3.0e-12 
pe 125 (114) 0.64 0.83 1.9e-08 0.76 0.58 2.4e-09 0.69 0.68 0.068 
ch 671 (528) 0.90 0.88 9.3e-03 0.82 0.80 0.13 0.84 0.82 0.022 
mi 727 (625) 0.77 0.75 0.12 0.79 0.87 1.8e-10 0.75 0.79 6.7e-06 
ex 862 (805) 0.80 0.70 7.3e-07 0.70 0.66 1.1e-05 0.71 0.63 1.8e-08 
cy 1,245 (1,113) 0.60 0.56 1.3e-04 0.56 0.62 2.9e-06 0.48 0.51 0.027 
pm 1,677 (1,184) 0.76 0.78 5.4e-05 0.87 0.86 0.023 0.78 0.78 0.048 
nu 1,932 (1,833) 0.85 0.80 5.0e-09 0.86 0.91 9.9e-13 0.80 0.81 0.022 

Acc 0.765(±0.013) 0.742(±0.015) 3.4e-07 
Avg Sens 0.674(±0.038) 0.753(±0.028) 2.7e-10 

 Animal (EpiLocMWT, EpiLoc, p-value) 
cs 41 (37) 0.63 0.84 4.7e-07 0.79 0.34 6.2e-14 0.70 0.52 2.0e-06 
go 48 (34) 0.56 0.77 4.7e-06 0.76 0.40 3.8e-05 0.64 0.63 0.70 
ly 93 (85) 0.72 0.89 1.0e-08 0.76 0.17 6.4e-17 0.73 0.53 1.4e-10 
er 114 (101) 0.60 0.72 1.1e-05 0.74 0.32 3.9e-16 0.65 0.46 1.3e-09 
pe 125 (114) 0.63 0.85 5.9e-11 0.75 0.58 4.7e-08 0.67 0.69 0.53 
mi 727 (625) 0.79 0.79 0.49 0.78 0.80 5.1e-08 0.76 0.80 9.1e-06 
ex 862 (805) 0.81 0.74 1.7e-05 0.69 0.87 0.55 0.70 0.66 3.1e-04 
cy 1,245 (1,113) 0.65 0.53 1.3e-04 0.60 0.66 8.5e-04 0.54 0.49 0.019 
pm 1,677 (1,184) 0.75 0.79 9.9e-07 0.88 0.62 7.2e-05 0.77 0.78 0.17 
nu 1,932 (1,833) 0.86 0.81 6.2e-08 0.86 0.86 1.9e-07 0.80 0.80 0.82 

Acc 0.770(±0.010) 0.743(±0.029) 6.6e-05 
Avg Sens 0.699(±0.027) 0.773(±0.039) 8.3e-11 

 Fungal (EpiLocMWT, EpiLoc, p-value) 
cs 41 (37) 0.63 0.83 2.3e-06 0.81 0.30 2.3e-14 0.71 0.49 4.5e-08 
go 48 (34) 0.57 0.78 1.7e-05 0.72 0.40 4.9e-07 0.63 0.54 0.05 
va 54 (44) 0.30 0.78 8.2e-11 0.54 0.19 1.4e-07 0.40 0.37 0.54 
er 114 (101) 0.61 0.74 2.9e-05 0.73 0.25 8.9e-22 0.66 0.42 7.4e-15 
pe 125 (114) 0.61 0.85 5.6e-11 0.75 0.52 5.5e-11 0.67 0.65 0.46 
mi 727 (625) 0.80 0.77 3.5e-03 0.78 0.83 9.7e-04 0.76 0.77 0.29 
ex 862 (805) 0.79 0.68 6.3e-05 0.67 0.59 7.4e-07 0.68 0.57 1.2e-09 
cy 1,245 (1,113) 0.64 0.36 3.7e-08 0.58 0.62 0.11 0.51 0.36 1.6e-07 
pm 1,677 (1,184) 0.75 0.77 9.8e-04 0.87 0.81 4.0e-08 0.77 0.74 9.7e-05 
nu 1,932 (1,833) 0.85 0.79 3.5e-06 0.86 0.87 0.29 0.79 0.76 1.8e-05 

Acc 0.762(±0.015) 0.687(±0.031) 1.1e-11 
Avg Sens 0.655(±0.041) 0.735(±0.030) 1.5e-10 

Table B.5: The performance of EpiLocMWT and EpiLocNB on the PLOC data set. The eleven subcellular locations for the 
plant data set are Golgi apparatus (go), cytoskeleton (cs), vacuole (va), endoplasmic reticulum (er), peroxisomal (pe), 
chloroplast (ch), mitochondria (mi), extracellular space (ex), cytoplasm (cy), plasma membrane (pm) and nucleus (nu). The 
ten subcellular locations in the animal data set are the same as for the plant data set, excluding vacuole and chloroplast and 
adding lysosomal (ly). The ten subcellular locations in the fungal data set are the same as for the plant data set, excluding 
chloroplast. For each location, we provide the number of proteins in the data set and the number of proteins used for five-fold 
cross-validation in brackets. Sensitivity, specificity and Matthew’s Correlation coefficient are calculated on each organism 
type for each location. Accuracy and average sensitivity with their respected standard deviations are calculated for each 
organism for the entire data set. When comparing the results of EpiLocMWT and EpiLoc, we present the p-value which is 
calculated by the paired sample t-test. The highest values are shown in boldface. 
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PLOC Data Set 
Loc Number of Proteins Sensitivity Specificity MCC 

 Plant (EpiLocMWT, EpiLocNB, p-value) 
cs 41 (37) 0.61 0.62 0.87 0.82 0.86 0.31 0.70 0.72 0.32 
go 48 (34) 0.58 0.63 0.20 0.75 0.71 0.42 0.65 0.65 0.93 
va 54 (44) 0.29 0.33 0.22 0.64 0.55 0.24 0.41 0.42 0.84 
er 114 (101) 0.62 0.57 1.3e-03 0.77 0.71 7.6e-03 0.68 0.63 3.7e-04 
pe 125 (114) 0.64 0.61 0.15 0.76 0.75 0.36 0.69 0.67 0.13 
ch 671 (528) 0.90 0.88 5.1e-03 0.82 0.79 9.3e-04 0.84 0.82 4.2e-04 
mi 727 (625) 0.77 0.74 1.4e-04 0.79 0.76 9.5e-03 0.75 0.73 4.2e-04 
ex 862 (805) 0.80 0.72 3.8e-13 0.70 0.64 4.1e-11 0.71 0.63 1.4e-14 
cy 1,245 (1,113) 0.60 0.54 1.5e-09 0.56 0.55 0.76 0.48 0.45 2.0e-04 
pm 1,677 (1,184) 0.76 0.75 0.12 0.87 0.80 1.6e-11 0.78 0.73 7.2e-10 
nu 1,932 (1,833) 0.85 0.84 7.4e-03 0.86 0.83 1.2e-07 0.80 0.77 1.6e-07 

Acc 0.765(±0.013) 0.737(±0.012) 5.0e-12 
Avg Sens 0.674(±0.038) 0.657(±0.040) 0.017 

 Animal (EpiLocMWT, EpiLocNB, p-value) 
cs 41 (37) 0.63 0.63 0.89 0.79 0.83 0.27 0.70 0.72 0.49 
go 48 (34) 0.56 0.59 0.23 0.76 0.79 0.47 0.64 0.67 0.24 
ly 93 (85) 0.72 0.66 7.7e-03 0.76 0.59 1.0e-07 0.73 0.61 1.6e-06 
er 114 (101) 0.60 0.55 0.015 0.74 0.75 0.65 0.65 0.64 0.29 
pe 125 (114) 0.63 0.60 0.11 0.75 0.75 0.89 0.67 0.66 0.51 
mi 727 (625) 0.79 0.74 2.7e-06 0.78 0.76 3.7e-03 0.76 0.72 5.1e-07 
ex 862 (805) 0.81 0.71 5.4e-13 0.69 0.64 4.0e-06 0.70 0.62 2.7e-11 
cy 1,245 (1,113) 0.65 0.59 4.1e-07 0.60 0.58 6.4e-06 0.54 0.49 1.7e-07 
pm 1,677 (1,184) 0.75 0.74 4.3e-03 0.88 0.80 3.4e-12 0.77 0.71 1.8e-12 
nu 1,932 (1,833) 0.86 0.85 2.6e-04 0.86 0.83 9.2e-10 0.80 0.76 2.1e-09 

Acc 0.770(±0.010) 0.731(±0.011) 1.9e-13 
Avg Sens 0.699(±0.027) 0.665(±0.034) 1.8e-07 

 Fungal (EpiLocMWT, EpiLocNB, p-value) 
cs 41 (37) 0.63 0.64 0.73 0.81 0.81 0.88 0.71 0.71 0.87 
go 48 (34) 0.57 0.59 0.56 0.72 0.78 0.25 0.63 0.67 0.23 
va 54 (44) 0.30 0.36 0.097 0.54 0.56 0.72 0.40 0.44 0.30 
er 114 (101) 0.61 0.56 8.4e-03 0.73 0.72 0.45 0.66 0.62 0.016 
pe 125 (114) 0.61 0.62 0.34 0.75 0.72 0.24 0.67 0.66 0.72 
mi 727 (625) 0.80 0.77 7.7e-04 0.78 0.76 3.8e-03 0.76 0.74 1.2e-04 
ex 862 (805) 0.79 0.71 8.2e-13 0.67 0.63 7.0e-07 0.68 0.61 3.4e-13 
cy 1,245 (1,113) 0.64 0.58 4.8e-07 0.58 0.57 0.083 0.51 0.48 1.6e-05 
pm 1,677 (1,184) 0.75 0.74 0.078 0.87 0.79 5.6e-14 0.77 0.71 1.4e-11 
nu 1,932 (1,833) 0.85 0.83 3.0e-05 0.86 0.83 8.7e-09 0.79 0.75 9.7e-10 

Acc 0.762(±0.015) 0.729(±0.009) 3.4e-13 
Avg Sens 0.655(±0.041) 0.641(±0.024) 0.025 

Table B.6: The performance of EpiLocMWT and EpiLocNB on the PLOC data set. The eleven subcellular locations for the 
plant data set are Golgi apparatus (go), cytoskeleton (cs), vacuole (va), endoplasmic reticulum (er), peroxisomal (pe), 
chloroplast (ch), mitochondria (mi), extracellular space (ex), cytoplasm (cy), plasma membrane (pm) and nucleus (nu). The 
ten subcellular locations in the animal data set are the same as for the plant data set, excluding vacuole and chloroplast and 
adding lysosomal (ly). The ten subcellular locations in the fungal data set are the same as for the plant data set, excluding 
chloroplast. For each location, we provide the number of proteins in the data set and the number of proteins used for five-fold 
cross-validation in brackets. Sensitivity, specificity and Matthew’s Correlation coefficient are calculated on each organism 
type for each location. Accuracy and average sensitivity with their respected standard deviations are calculated for each 
organism for the entire data set. When comparing the results of EpiLocMWT and EpiLocNB, we present the p-value which is 
calculated by the paired sample t-test. The highest values are shown in boldface. 
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MultiLoc Data Set 
Loc Number of Proteins Sensitivity Specificity MCC 

 Plant (EpiLocNB, EpiLoc, p-value) 
va 63 (48) 0.30 0.75 1.7e-12 0.77 0.27 4.8e-10 0.47 0.43 0.30 
go 150 (139) 0.71 0.80 0.024 0.88 0.56 1.7e-16 0.79 0.64 6.7e-06 
pe 157 (134) 0.65 0.88 6.8e-13 0.86 0.75 5.8e-07 0.74 0.80 8.2e-05 
er 198 (162) 0.67 0.72 8.4e-04 0.82 0.65 3.2e-09 0.73 0.67 7.5e-05 
ch 449 (347) 0.84 0.87 0.28 0.74 0.75 0.25 0.77 0.79 0.36 
mi 510 (442) 0.74 0.82 2.8e-08 0.76 0.81 1.9e-04 0.73 0.80 1.3e-07 
nu 837 (684) 0.73 0.81 3.8e-05 0.79 0.81 0.031 0.72 0.78 2.2e-05 
ex 843 (820) 0.78 0.84 8.0e-09 0.75 0.82 1.8e-09 0.72 0.80 6.9e-12 
pm 1,238 (1,172) 0.86 0.85 0.13 0.80 0.91 1.6e-17 0.78 0.85 2.0e-13 
cy 1,411 (1,289) 0.64 0.64 0.92 0.64 0.78 2.5e-19 0.52 0.63 2.6e-13 

Acc 0.745(±0.011) 0.776(±0.031) 7.7e-05 
Avg Sens 0.692(±0.019) 0.798(±0.028) 3.2e-18 

 Animal (EpiLocNB, EpiLoc, p-value) 
ly 103 (97) 0.62 0.86 1.7e-11 0.55 0.40 1.7e-07 0.58 0.57 0.83 
go 150 (139) 0.72 0.88 2.8e-09 0.90 0.62 4.6e-16 0.80 0.73 4.1e-06 
pe 157 (134) 0.67 0.90 2.4e-13 0.88 0.77 2.8e-07 0.76 0.83 7.5e-06 
er 198 (162) 0.70 0.74 0.14 0.85 0.60 1.5e-13 0.76 0.65 1.6e-08 
mi 510 (442) 0.76 0.82 1.2e-06 0.83 0.83 1 0.77 0.80 9.5e-04 
nu 837 (684) 0.76 0.84 3.4e-11 0.82 0.81 0.25 0.76 0.80 2.0e-07 
ex 843 (820) 0.78 0.80 0.28 0.77 0.82 2.1e-08 0.73 0.77 8.1e-04 
pm 1,238 (1,172) 0.87 0.85 0.052 0.82 0.90 1.3e-12 0.79 0.84 7.6e-09 
cy 1,411 (1,289) 0.71 0.68 3.1e-03 0.67 0.79 1.9e-16 0.57 0.65 1.2e-11 

Acc 0.766(±0.011) 0.792(±0.018) 3.4e-08 
Avg Sens 0.732(±0.019) 0.818(±0.027) 4.1e-13 

 Fungal (EpiLocNB, EpiLoc, p-value) 
va 63 (48) 0.30 0.75 5.7e-14 0.80 0.26 1.2e-10 0.48 0.43 0.073 
go 150 (139) 0.69 0.86 1.1e-10 0.88 0.58 2.5e-15 0.77 0.70 1.2e-05 
pe 157 (134) 0.64 0.87 3.1e-13 0.86 0.77 8.8e-06 0.74 0.82 9.9e-06 
er 198 (162) 0.68 0.72 0.028 0.78 0.61 1.5e-10 0.72 0.65 4.6e-05 
mi 510 (442) 0.76 0.83 3.1e-09 0.76 0.79 1.4e-05 0.74 0.78 2.9e-09 
nu 837 (684) 0.73 0.85 1.3e-13 0.80 0.82 0.19 0.73 0.80 9.4e-08 
ex 843 (820) 0.77 0.86 3.6e-14 0.75 0.91 2.4e-13 0.71 0.85 4.8e-16 
pm 1,238 (1,172) 0.87 0.66 4.5e-03 0.80 0.79 1.6e-17 0.78 0.63 6.3e-14 
cy 1,411 (1,289) 0.67 0.75 0.14 0.65 0.26 1.6e-18 0.53 0.43 2.6e-13 

Acc 0.747(±0.010) 0.790(±0.011) 5.2e-15 
Avg Sens 0.678(±0.017) 0.802(±0.017) 1.7e-19 

Table B.7: The performance of EpiLocNB and EpiLoc on the MultiLoc data set. The ten subcellular locations for the 
plant data set are Golgi apparatus (go), vacuole (va), endoplasmic reticulum (er), peroxisomal (pe), mitochondrial (mi), 
extracellular space (ex), cytoplasm (cy), plasma membrane (pm), nucleus (nu) and chloroplast (ch). The nine 
subcellular locations in the animal data set are the same as for the plant data set, excluding vacuole and chloroplast and 
adding lysosomal (ly). The nine subcellular locations in the fungal data set are the same as for the plant data set, 
excluding chloroplast. For each location, we provide the number of proteins from the data set and the number of 
examples used for five-fold cross-validation in brackets. Sensitivity, specificity and Matthew’s Correlation coefficient 
are calculated on each organism type for each location. Accuracy and average sensitivity with their respective standard 
deviations are calculated for each organism type for the entire data set. When comparing the results of EpiLocNB and 
EpiLoc, we present the respective p-value which is calculated by the paired sample t-test. The highest values are 
highlighted in boldface. 
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MultiLoc Data Set 
Loc Number of Proteins Sensitivity Specificity MCC 

 Plant (EpiLocMWT, EpiLoc, p-value) 
va 63 (48) 0.39 0.75 9.5e-10 0.65 0.27 3.4e-12 0.49 0.43 0.025 
go 150 (139) 0.79 0.80 0.88 0.89 0.56 5.7e-18 0.83 0.64 4.6e-08 
pe 157 (134) 0.75 0.88 1.4e-08 0.89 0.75 1.1e-09 0.81 0.80 0.75 
er 198 (162) 0.71 0.72 0.51 0.84 0.65 7.5e-10 0.77 0.67 1.6e-08 
ch 449 (347) 0.89 0.87 0.46 0.79 0.75 7.8e-05 0.82 0.79 0.06 
mi 510 (442) 0.79 0.82 6.6e-03 0.78 0.81 7.7e-04 0.77 0.80 6.5e-05 
nu 837 (684) 0.71 0.81 5.4e-06 0.83 0.81 0.04 0.74 0.78 2.1e-04 
ex 843 (820) 0.86 0.84 5.7e-03 0.77 0.82 1.7e-08 0.78 0.80 3.0e-03 
pm 1,238 (1,172) 0.86 0.85 0.40 0.86 0.91 4.0e-13 0.82 0.85 1.9e-07 
cy 1,411 (1,289) 0.67 0.64 3.6e-04 0.66 0.78 5.3e-19 0.56 0.63 1.6e-11 

Acc 0.776(±0.013) 0.776(±0.031) 0.99 
Avg Sens 0.741(±0.023) 0.798(±0.028) 2.4e-11 

 Animal (EpiLocMWT, EpiLoc, p-value) 
ly 103 (97) 0.74 0.86 2.0e-06 0.77 0.40 3.1e-18 0.75 0.57 1.1e-13 
go 150 (139) 0.83 0.88 9.5e-04 0.90 0.62 4.0e-17 0.86 0.73 2.0e-11 
pe 157 (134) 0.77 0.90 3.7e-08 0.89 0.77 2.2e-08 0.82 0.83 0.72 
er 198 (162) 0.77 0.74 0.18 0.86 0.60 6.8e-13 0.80 0.65 2.3e-10 
mi 510 (442) 0.85 0.82 1.2e-03 0.82 0.83 0.65 0.82 0.80 0.058 
nu 837 (684) 0.75 0.84 3.3e-12 0.83 0.81 2.8e-03 0.76 0.80 6.0e-09 
ex 843 (820) 0.85 0.80 4.7e-03 0.79 0.82 7.1e-05 0.78 0.77 0.27 
pm 1,238 (1,172) 0.87 0.85 2.3e-03 0.87 0.90 7.5e-08 0.83 0.84 7.9e-03 
cy 1,411 (1,289) 0.72 0.68 2.0e-05 0.71 0.79 2.7e-11 0.61 0.65 2.0e-06 

Acc 0.800(±0.012) 0.792(±0.018) 0.061 
Avg Sens 0.794(±0.017) 0.818(±0.027) 5.5e-04 

 Fungal (EpiLocMWT, EpiLoc, p-value) 
va 63 (48) 0.45 0.75 1.4e-08 0.61 0.26 4.0e-10 0.51 0.43 6.0e-03 
go 150 (139) 0.78 0.86 1.4e-05 0.90 0.58 1.9e-15 0.83 0.70 4.4e-11 
pe 157 (134) 0.72 0.87 1.2e-12 0.88 0.77 3.0e-07 0.79 0.82 0.062 
er 198 (162) 0.70 0.72 0.39 0.84 0.61 6.8e-13 0.76 0.65 2.0e-08 
mi 510 (442) 0.79 0.83 7.5e-05 0.78 0.79 3.7e-03 0.77 0.78 2.0e-05 
nu 837 (684) 0.71 0.85 6.2e-13 0.82 0.82 3.3e-04 0.73 0.80 4.7e-08 
ex 843 (820) 0.87 0.86 9.2e-04 0.76 0.91 7.3e-10 0.77 0.85 2.1e-06 
pm 1,238 (1,172) 0.86 0.66 0.14 0.86 0.79 7.0e-12 0.82 0.63 1.6e-07 
cy 1,411 (1,289) 0.69 0.75 3.3e-05 0.67 0.26 2.0e-15 0.56 0.43 3.7e-08 

Acc 0.776(±0.011) 0.790(±0.011) 1.1e-04 
Avg Sens 0.731(±0.024) 0.802(±0.017) 4.7e-13 

Table B.8: The performance of EpiLocMWT and EpiLoc on the MultiLoc data set. The ten subcellular locations for 
the plant data set are Golgi apparatus (go), vacuole (va), endoplasmic reticulum (er), peroxisomal (pe), mitochondrial 
(mi), extracellular space (ex), cytoplasm (cy), plasma membrane (pm), nucleus (nu) and chloroplast (ch). The nine 
subcellular locations in the animal data set are the same as for the plant data set, excluding vacuole and chloroplast and 
adding lysosomal (ly). The nine subcellular locations in the fungal data set are the same as for the plant data set, 
excluding chloroplast. For each location, we provide the number of proteins from the data set and the number of 
examples used for five-fold cross-validation in brackets. Sensitivity, specificity and Matthew’s Correlation coefficient 
are calculated on each organism type for each location. Accuracy and average sensitivity with their respective standard 
deviations are calculated for each organism type for the entire data set. When comparing the results of EpiLocMWT 
and EpiLoc, we present the respective p-value which is calculated by the paired sample t-test. The highest values are 
highlighted in boldface. 
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MultiLoc Data Set 
Loc Number of Proteins Sensitivity Specificity MCC 

 Plant (EpiLocMWT, EpiLocNB, p-value) 
va 63 (48) 0.39 0.30 2.4e-03 0.65 0.77 0.12 0.49 0.47 0.36 
go 150 (139) 0.79 0.71 8.2e-06 0.89 0.88 0.78 0.83 0.79 6.3e-04 
pe 157 (134) 0.75 0.65 3.0e-07 0.89 0.86 0.047 0.81 0.74 4.3e-06 
er 198 (162) 0.71 0.67 4.5e-03 0.84 0.82 0.37 0.77 0.73 0.015 
ch 449 (347) 0.89 0.84 6.6e-07 0.79 0.74 6.3e-06 0.82 0.77 3.5e-09 
mi 510 (442) 0.79 0.74 2.7e-05 0.78 0.76 0.018 0.77 0.73 1.8e-04 
nu 837 (684) 0.71 0.73 9.0e-03 0.83 0.79 7.2e-05 0.74 0.72 0.034 
ex 843 (820) 0.86 0.78 1.9e-13 0.77 0.75 0.04 0.78 0.72 8.2e-11 
pm 1,238 (1,172) 0.86 0.86 0.27 0.86 0.80 1.7e-13 0.82 0.78 8.8e-12 
cy 1,411 (1,289) 0.67 0.64 1.9e-04 0.66 0.64 7.5e-05 0.56 0.52 9.1-06 

Acc 0.776(±0.013) 0.745(±0.011) 1.6e-14 
Avg Sens 0.741(±0.023) 0.692(±0.019) 1.1e-12 

 Animal (EpiLocMWT, EpiLocNB, p-value) 
ly 103 (97) 0.74 0.62 1.7e-08 0.77 0.55 1.5e-09 0.75 0.58 5.2e-11 
go 150 (139) 0.83 0.72 1.8e-11 0.90 0.90 0.73 0.86 0.80 7.0e-10 
pe 157 (134) 0.77 0.67 2.7e-07 0.89 0.88 0.35 0.82 0.76 2.5e-06 
er 198 (162) 0.77 0.70 3.1e-05 0.86 0.85 0.88 0.80 0.76 1.8e-03 
mi 510 (442) 0.85 0.76 1.2e-11 0.82 0.83 0.50 0.82 0.77 2.7e-07 
nu 837 (684) 0.75 0.76 0.24 0.83 0.82 0.052 0.76 0.76 0.55 
ex 843 (820) 0.85 0.78 9.0e-14 0.79 0.77 2.4e-04 0.78 0.73 7.6e-11 
pm 1,238 (1,172) 0.87 0.87 0.22 0.87 0.82 6.6e-11 0.83 0.79 1.2e-07 
cy 1,411 (1,289) 0.72 0.71 0.022 0.71 0.67 3.1e-08 0.61 0.57 9.9e-07 

Acc 0.800(±0.012) 0.766(±0.011) 8.2e-13 
Avg Sens 0.794(±0.017) 0.732(±0.019) 2.7e-18 

 Fungal (EpiLocMWT, EpiLocNB, p-value) 
va 63 (48) 0.45 0.30 5.3e-05 0.61 0.80 2.9e-03 0.51 0.48 0.30 
go 150 (139) 0.78 0.69 1.3e-07 0.90 0.88 0.047 0.83 0.77 2.4e-08 
pe 157 (134) 0.72 0.64 2.7e-05 0.88 0.86 0.15 0.79 0.74 6.5e-05 
er 198 (162) 0.70 0.68 0.047 0.84 0.78 2.0e-04 0.76 0.72 1.0e-03 
mi 510 (442) 0.79 0.76 8.1e-04 0.78 0.76 0.053 0.77 0.74 8.5e-04 
nu 837 (684) 0.71 0.73 0.013 0.82 0.80 0.013 0.73 0.73 0.86 
ex 843 (820) 0.87 0.77 1.8e-16 0.76 0.75 0.02 0.77 0.71 6.0e-013 
pm 1,238 (1,172) 0.86 0.87 0.31 0.86 0.80 1.3e-13 0.82 0.78 6.7e-10 
cy 1,411 (1,289) 0.69 0.67 4.8e-04 0.67 0.65 1.6-04 0.56 0.53 3.7e-06 

Acc 0.776(±0.011) 0.747(±0.010) 4.4e-12 
Avg Sens 0.731(±0.024) 0.678(±0.017) 4.1e-12 

Table B.9: The performance of EpiLocMWT and EpiLocNB on the MultiLoc data set. The ten subcellular locations 
for the plant data set are Golgi apparatus (go), vacuole (va), endoplasmic reticulum (er), peroxisomal (pe), 
mitochondrial (mi), extracellular space (ex), cytoplasm (cy), plasma membrane (pm), nucleus (nu) and chloroplast 
(ch). The nine subcellular locations in the animal data set are the same as for the plant data set, excluding vacuole and 
chloroplast and adding lysosomal (ly). The nine subcellular locations in the fungal data set are the same as for the plant 
data set, excluding chloroplast. For each location, we provide the number of proteins from the data set and the number 
of examples used for five-fold cross-validation in brackets. Sensitivity, specificity and Matthew’s Correlation 
coefficient are calculated on each organism type for each location. Accuracy and average sensitivity with their 
respective standard deviations are calculated for each organism type for the entire data set. When comparing the results 
of EpiLocMWT and EpiLocNB, we present the respective p-value which is calculated by the paired sample t-test. The 
highest values are highlighted in boldface. 
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MultiLoc Data Set 
Loc Number of Proteins Sensitivity Specificity MCC 

 Plant (HomoLocNB, HomoLoc, p-value) 
va 63 (48) 0.51 0.77 5.9e-09 0.72 0.28 2.9e-11 0.60 0.45 1.1e-06
go 150 (139) 0.77 0.87 4.1e-07 0.95 0.65 9.4e-14 0.85 0.74 2.5e-07
pe 157 (134) 0.66 0.77 2.3e-07 0.76 0.68 2.1e-04 0.70 0.72 0.18 
er 198 (162) 0.61 0.79 7.9e-03 0.65 0.72 0.29 0.62 0.74 0.064 
ch 449 (347) 0.80 0.81 0.51 0.80 0.80 0.54 0.79 0.79 0.94 
mi 510 (442) 0.77 0.78 0.41 0.70 0.83 5.6e-12 0.70 0.79 1.1e-09
nu 837 (684) 0.76 0.86 6.5e-11 0.81 0.82 0.14 0.76 0.82 3.7e-08
ex 843 (820) 0.78 0.85 1.1e-10 0.71 0.81 5.6e-11 0.69 0.80 4.4e-12
pm 1,238 (1,172) 0.90 0.89 0.037 0.76 0.91 6.8e-20 0.77 0.87 1.6e-16
cy 1,411 (1,289) 0.54 0.66 1.0e-12 0.67 0.79 2.2e-16 0.49 0.65 2.0e-16

Acc 0.740(±0.015) 0.802(±0.016) 1.6e-16 
Avg Sens 0.709(±0.038) 0.805(±0.021) 2.9e-12 

 Animal (HomoLocNB, HomoLoc, p-value) 
ly 103 (97) 0.75 0.84 1.2e-05 0.66 0.50 1.8e-07 0.70 0.64 2.3e-03
go 150 (139) 0.82 0.90 3.0e-05 0.97 0.73 3.9e-12 0.89 0.80 1.9e-05
pe 157 (134) 0.67 0.80 9.0e-10 0.73 0.70 0.077 0.69 0.74 1.3e-03
er 198 (162) 0.74 0.77 0.46 0.78 0.68 0.011 0.75 0.71 0.28 
mi 510 (442) 0.77 0.79 0.024 0.77 0.84 1.9e-06 0.75 0.80 3.4e-06
nu 837 (684) 0.78 0.87 2.1e-11 0.84 0.84 0.62 0.78 0.83 3.4e-06
ex 843 (820) 0.79 0.83 0.02 0.75 0.83 1.7e-12 0.72 0.79 1.3e-08
pm 1,238 (1,172) 0.90 0.89 0.68 0.80 0.91 8.9e-19 0.79 0.87 2.1e-15
cy 1,411 (1,289) 0.63 0.71 1.8e-08 0.70 0.80 1.8e-11 0.56 0.68 5.9e-13

Acc 0.768(±0.011) 0.816(±0.017) 8.8e-13 
Avg Sens 0.761(±0.023) 0.823(±0.026) 3.7e-10 

Table B.10: The performance of HomoLocNB and HomoLoc on the MultiLoc data set. The ten subcellular 
locations for the plant data set are Golgi apparatus (go), vacuole (va), endoplasmic reticulum (er), 
peroxisome (pe), mitochondria (mi), extacellular space (ex), cytoplasm (cy), plasma membrane (pm), 
nucleus (nu) and chloroplast (ch). The nine subcellular locations in the animal data set are the same as for 
the plant data set excluding chloroplast and vacuole and adding lysosome (ly). For each location, we 
provide the number of proteins from the data set the number of proteins used for five-fold cross-validation 
in brackets. Sensitivity, specificity and Matthew’s Correlation coefficient are calculated for each organism 
type for each location. Accuracy and average sensitivity with their respective standard deviations are 
calculated for each organism for the entire data set. When comparing the results of HomoLocNB and 
HomoLoc, we present the respective p-value which is calculated by the paired sample t-test. The highest 
values are shown in boldface. 
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MultiLoc Data Set 
Loc Number of Proteins Sensitivity Specificity MCC 

 Plant (HomoLocMWT, HomoLoc, p-value) 
va 63 (48) 0.55 0.77 8.4e-09 0.76 0.28 1.3e-12 0.64 0.45 2.7e-07
go 150 (139) 0.78 0.87 1.6e-08 0.97 0.65 1.2e-16 0.87 0.74 8.1e-11
pe 157 (134) 0.54 0.77 4.0e-11 0.80 0.68 1.7e-06 0.65 0.72 5.4e-05
er 198 (162) 0.68 0.79 3.8e-06 0.92 0.72 1.2e-08 0.78 0.74 0.04 
ch 449 (347) 0.83 0.81 0.12 0.83 0.80 1.3e-03 0.82 0.79 3.6e-04
mi 510 (442) 0.69 0.78 2.3e-10 0.82 0.83 0.16 0.73 0.79 1.0e-08
nu 837 (684) 0.71 0.86 1.2e-16 0.86 0.82 1.6e-05 0.75 0.82 2.3e-09
ex 843 (820) 0.86 0.85 0.49 0.79 0.81 1.4e-03 0.79 0.80 0.024 
pm 1,238 (1,172) 0.87 0.89 9.8e-05 0.87 0.91 1.4e-10 0.83 0.87 2.1e-10
cy 1,411 (1,289) 0.75 0.66 4.7e-10 0.63 0.79 4.7e-19 0.57 0.65 1.2e-09

Acc 0.780(±0.013) 0.802(±0.016) 1.6e-06 
Avg Sens 0.725(±0.024) 0.805(±0.021) 2.3e-16 

 Animal (HomoLocMWT, HomoLoc, p-value) 
ly 103 (97) 0.73 0.84 1.9e-07 0.87 0.50 6.8e-15 0.79 0.64 5.2e-11
go 150 (139) 0.81 0.90 4.0e-06 0.96 0.73 1.4e-11 0.88 0.80 3.6e-05
pe 157 (134) 0.60 0.80 8.2e-13 0.80 0.70 3.1e-05 0.68 0.74 7.2e-05
er 198 (162) 0.73 0.77 0.061 0.90 0.68 4.6e-11 0.80 0.71 2.3e-07
mi 510 (442) 0.74 0.79 2.6e-05 0.85 0.84 0.27 0.77 0.80 3.5e-03
nu 837 (684) 0.72 0.87 1.4e-16 0.88 0.84 2.5e-07 0.76 0.83 2.7e-10
ex 843 (820) 0.85 0.83 0.23 0.80 0.83 1.8e-04 0.78 0.79 0.37 
pm 1,238 (1,172) 0.89 0.89 0.22 0.87 0.91 1.5e-08 0.84 0.87 8.4e-07
cy 1,411 (1,289) 0.78 0.71 4.5e-07 0.68 0.80 3.8e-15 0.62 0.68 1.3e-08

Acc 0.799(±0.011) 0.816(±0.017) 4.0e-05 
Avg Sens 0.760(±0.023) 0.823(±0.026) 6.6e-13 

Table B.11: The performance of HomoLocMWT and HomoLoc on the MultiLoc data set. The ten 
subcellular locations for the plant data set are Golgi apparatus (go), vacuole (va), endoplasmic reticulum 
(er), peroxisome (pe), mitochondria (mi), extacellular space (ex), cytoplasm (cy), plasma membrane (pm), 
nucleus (nu) and chloroplast (ch). The nine subcellular locations in the animal data set are the same as for 
the plant data set excluding chloroplast and vacuole and adding lysosome (ly). For each location, we 
provide the number of proteins from the data set the number of proteins used for five-fold cross-validation 
in brackets. Sensitivity, specificity and Matthew’s Correlation coefficient are calculated for each organism 
type for each location. Accuracy and average sensitivity with their respective standard deviations are 
calculated for each organism for the entire data set. When comparing the results of HomoLocMWT and 
HomoLoc, we present the respective p-value which is calculated by the paired sample t-test. The highest 
values are shown in boldface. 
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MultiLoc Data Set 
Loc Number of Proteins Sensitivity Specificity MCC 

  Plant (HomoLocMWT, HomoLocNB, p-value) 
va 63 (48) 0.55 0.51 0.16 0.76 0.72 0.078 0.64 0.60 0.05 
go 150 (139) 0.78 0.77 0.29 0.97 0.95 0.03 0.87 0.85 0.097 
pe 157 (134) 0.54 0.66 3.1e-07 0.80 0.76 0.093 0.65 0.70 9.0e-04
er 198 (162) 0.68 0.61 0.30 0.92 0.65 3.4e-04 0.78 0.62 0.022 
ch 449 (347) 0.83 0.80 3.0e-03 0.83 0.80 3.5e-03 0.82 0.79 2.5e-04
mi 510 (442) 0.69 0.77 3.5e-11 0.82 0.70 1.6e-10 0.73 0.70 8.9e-03
nu 837 (684) 0.71 0.76 1.7e-06 0.86 0.81 7.4e-06 0.75 0.76 0.62 
ex 843 (820) 0.86 0.78 5.4e-13 0.79 0.71 1.3e-08 0.79 0.69 9.5e-12
pm 1,238 (1,172) 0.87 0.90 6.2e-07 0.87 0.76 2.9e-18 0.83 0.77 2.4e-11
cy 1,411 (1,289) 0.75 0.54 5.6e-21 0.63 0.67 2.0e-06 0.57 0.49 1.5e-12

Acc 0.780(±0.013) 0.740(±0.015) 1.9e-13 
Avg Sens 0.725(±0.024) 0.709(±0.038) 0.057 

 Animal (HomoLocMWT, HomoLocNB, p-value) 
ly 103 (97) 0.73 0.75 0.25 0.87 0.66 3.2e-10 0.79 0.70 5.7e-07
go 150 (139) 0.81 0.82 0.86 0.96 0.97 0.29 0.88 0.89 0.54 
pe 157 (134) 0.60 0.67 6.8e-04 0.80 0.73 7.8e-04 0.68 0.69 0.63 
er 198 (162) 0.73 0.74 0.75 0.90 0.78 1.5e-03 0.80 0.75 0.14 
mi 510 (442) 0.74 0.77 7.6e-03 0.85 0.77 3.4e-09 0.77 0.75 0.015 
nu 837 (684) 0.72 0.78 1.9e-08 0.88 0.84 1.8e-03 0.76 0.78 0.035 
ex 843 (820) 0.85 0.79 7.6e-08 0.80 0.75 2.2e-09 0.78 0.72 2.0e-10
pm 1,238 (1,172) 0.89 0.90 0.16 0.87 0.80 2.9e-17 0.84 0.79 2.5e-13
cy 1,411 (1,289) 0.78 0.63 3.7e-16 0.68 0.70 2.5e-05 0.62 0.56 3.5e-09

Acc 0.799(±0.011) 0.768(±0.011) 4.1e-12 
Avg Sens 0.760(±0.023) 0.761(±0.023) 0.89 

Table B.12: The performance of HomoLocMWT and HomoLocNB on the MultiLoc data set. The ten 
subcellular locations for the plant data set are Golgi apparatus (go), vacuole (va), endoplasmic reticulum 
(er), peroxisome (pe), mitochondria (mi), extacellular space (ex), cytoplasm (cy), plasma membrane (pm), 
nucleus (nu) and chloroplast (ch). The nine subcellular locations in the animal data set are the same as for 
the plant data set excluding chloroplast and vacuole and adding lysosome (ly). For each location, we 
provide the number of proteins from the data set the number of proteins used for five-fold cross-validation 
in brackets. Sensitivity, specificity and Matthew’s Correlation coefficient are calculated for each organism 
type for each location. Accuracy and average sensitivity with their respective standard deviations are 
calculated for each organism for the entire data set. When comparing the results of HomoLocMWT and 
HomoLocNB, we present the respective p-value which is calculated by the paired sample t-test. The highest 
values are shown in boldface. 
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Appendix C 

Fungal Protein Results 

PLOC Dataset 
Loc Number of 

Proteins 
PLOC EpiLoc EpiLocNB EpiLocMWT 

 Sens Fungal (Sens, Spec, MCC) 
cs 41 (37)  0.59  0.83 0.30 0.49 0.64 0.81 0.71 0.63 0.81 0.71
go 48 (34)  0.15  0.78 0.40 0.54 0.59 0.78 0.67 0.57 0.72 0.63
va 54 (44)  0.62  0.78 0.19 0.37 0.36 0.56 0.44 0.30 0.54 0.40
er 114 (101)  0.47  0.74 0.25 0.42 0.56 0.72 0.62 0.61 0.73 0.66
pe 125 (114)  0.25  0.85 0.52 0.65 0.62 0.72 0.66 0.61 0.75 0.67
mi 727 (625)  0.57  0.77 0.83 0.77 0.77 0.76 0.74 0.80 0.78 0.76
ex 862 (805)  0.78  0.68 0.59 0.57 0.71 0.63 0.61 0.79 0.67 0.68
cy 1,245 (1,113)  0.72  0.36 0.62 0.36 0.58 0.57 0.48 0.64 0.58 0.51
pm 1,677 (1,184)  0.92  0.77 0.81 0.74 0.74 0.79 0.71 0.75 0.87 0.77
nu 1,932 (1,833)  0.90  0.79 0.87 0.76 0.83 0.83 0.75 0.85 0.86 0.79

Acc 0.795(±0.009) 0.687(±0.031) 0.729(±0.009) 0.762(±0.015) 
Avg Sens 0.568(±0.019) 0.735(±0.030) 0.641(±0.024) 0.655(±0.041) 

Table C.1: The performance of PLOC, EpiLoc,  EpiLocNB and EpiLocMWT on the PLOC data set. The 
ten subcellular locations for the fungal data set are Golgi apparatus (go), cytoskeleton (cs), vacuole (va), 
endoplasmic reticulum (er), peroxisomal (pe), mitochondria (mi), extracellular space (ex), cytoplasm (cy), 
plasma membrane (pm) and nucleus (nu). For each location, we provide the number of proteins from the 
data set and the number of proteins used for five-fold cross-validation in brackets. Sensitivity, specificity 
and Matthew’s Correlation coefficient are calculated for each location. Accuracy and average sensitivity 
with their respected standard deviations are calculated for the entire data set. The highest values are shown 
in boldface. 
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MultiLoc Dataset 
Loc Number of 

Proteins 
MultiLoc EpiLoc EpiLocNB EpiLocMWT 

 Fungal (Sens, Spec, MCC) 
va 63 (48) 0.76 0.24 0.42 0.75 0.26 0.43 0.30 0.80 0.48 0.45 0.61 0.51
go 150 (139) 0.71 0.53 0.60 0.86 0.58 0.70 0.69 0.88 0.77 0.78 0.90 0.83
pe 157 (134) 0.68 0.30 0.43 0.87 0.77 0.82 0.64 0.86 0.74 0.72 0.88 0.79
er 198 (162) 0.71 0.59 0.63 0.72 0.61 0.65 0.68 0.78 0.72 0.70 0.84 0.76
mi 510 (442) 0.81 0.74 0.73 0.83 0.79 0.78 0.76 0.76 0.74 0.79 0.78 0.77
nu 837 (684) 0.73 0.81 0.73 0.85 0.82 0.80 0.73 0.80 0.73 0.71 0.82 0.73
ex 843 (820) 0.76 0.89 0.78 0.86 0.91 0.85 0.77 0.75 0.71 0.87 0.76 0.77
pm 1,238 (1,172) 0.68 0.85 0.69 0.66 0.79 0.63 0.87 0.80 0.78 0.86 0.86 0.82
cy 1,411 (1,289) 0.76 0.24 0.42 0.75 0.26 0.43 0.67 0.65 0.53 0.69 0.67 0.56

Acc 0.749(±0.007) 0.790(±0.011) 0.747(±0.010) 0.776(±0.011) 
Avg Sens 0.747(±0.010) 0.802(±0.017) 0.678(±0.017) 0.731(±0.024) 

Table C.2: The performance of MultiLoc, EpiLoc, EpiLocNB and EpiLocMWT on the MultiLoc data set. 
The nine subcellular locations for the fungal data set are Golgi apparatus (go), vacuole (va), endoplasmic 
reticulum (er), peroxisomal (pe), mitochondrial (mi), extracellular space (ex), cytoplasm (cy), plasma 
membrane (pm) and nucleus (nu). For each location, we provide the number of proteins from the data set 
and the number of proteins used for five-fold cross-validation in brackets.  Sensitivity, specificity and 
Matthew’s Correlation coefficient are calculated for each location. Accuracy and average sensitivity with 
their respective standard deviations are calculated for the entire data set. The highest values are shown in 
boldface. 

MultiLoc Textless Proteins 
Loc Number of Proteins HomoLoc HomoLocNB HomoLocMWT 

 Fungal (Sens, Spec, MCC) 
va 14 (11) 0.71 0.09 0.20 0.45 0.83 0.61 0.73 0.80 0.76
go 10 (7) 0.70 0.78 0.73 0.86 0.86 0.85 0.86 1.00 0.92
pe 22 (12) 0.41 0.90 0.60 0.58 0.88 0.71 0.42 0.83 0.58
ex 22 (6) 0.68 0.50 0.56 0.83 0.18 0.37 0.83 0.29 0.48
er 35 (27) 0.63 0.92 0.75 0.74 0.91 0.81 0.70 1.00 0.83
pm 65 (49) 0.71 0.96 0.80 0.88 0.98 0.92 0.86 0.96 0.89
mi 67 (57) 0.82 0.98 0.88 0.77 0.69 0.67 0.82 0.83 0.79
cy 121 (89) 0.65 0.83 0.67 0.64 0.54 0.45 0.81 0.59 0.58
nu 152 (133) 0.76 0.94 0.79 0.75 0.94 0.77 0.78 0.93 0.78

Acc 0.707 0.733 0.790 
Avg Sens 0.675 0.723 0.757 

Table C.3: The performance of HomoLoc, HomoLocNB and HomoLocMWT on a subet of proteins from 
the MultiLoc data set. The proteins from this subset are called textless proteins. The nine subcellular 
locations for the fungal data set are Golgi apparatus (go), vacuole (va), endoplasmic reticulum (er), 
peroxisomal (pe), mitochondria (mi), extracellular space (ex), cytoplasm (cy), plasma membrane (pm) and 
nucleus (nu). For each location, we provide the number of proteins from the data set and the number of 
proteins used for evaluation purposes in brackets. Sensitivity, specificity and Matthew’s Correlation 
coefficient measurements are calculated for each location. Accuracy and average sensitivity are calculated 
for the entire data set. The highest values are shown in boldfaced. 
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Appendix D 

Documentation 

D.1  Instructions to Setup Data Sets  

D.1.1 Setup TargetP, PLOC and MultiLoc Data Sets for EpiLocNB and EpiLocMWT 

Command 
perl setupData.pl <organism> <dataset> <threshold> <source_data_directory> 
<target_data_directory> 

Command Options 
• organism: Choose the type of organism. For instance, the MultiLoc data set has three 

organism types: animal, plant and fungal. 
• dataset: The type of data set that is used. For instance, the MultiLoc, TargetP and PLOC 

data set.  
• threshold: The Z-score that is used for feature selection. For instance, the MultiLoc’s 

animal data set uses a threshold of 1.645.  
• source_data_directory: The location of the data and results for the EpiLoc system.  
• target_data_directory: The location of where the data is stored which is then used to train 

and test the EpiLocNB and EpiLocMWT. 

Input Files 
/cis/hs/projects/MultiLocQueens/1vs1/ 

Output Files 
/cis/hs/projects/cpMultiLocQueens/yinData/ 

Command Example 
perl setupData.pl Animal MultiLoc 1645Thresh /cis/hs/projects/MultiLocQueens/1vs1/ 
/cis/hs/projects/cpMultiLocQueens/yinData/ 

D.1.2 Setup Diff48 Data Set for EpiLocNB and EpiLocMWT 

Command  
perl setupData_diff48.pl <organism> <dataset> 

Command Options 
• organism: Only one organism type which is All.  
• dataset: Only one data set and it is Diff48. 

Input Files 
/cis/hs/projects/MultiLocQueens/Data/multiLoc/Homred80/SwissPub/withoutTextless/ 

Output Files 
/cis/hs/projects/cpMultiLocQueens/yinData/ 
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Command Example 
perl setupData_diff48.pl All Diff48 

D.1.3 Setup MultiLoc Data Set for HomoLocNB and HomoLocMWT 

Command 
perl setupData_homolocNB.pl <organism> <train_dataset> <test_dataset> <threshold> 
<source_train_dir> <source_test_dir> <target_dir> <num_bins> 

Command Options 
• organism: Choose the type of organism: Animal or Plant. 
• train_dataset: One type: MultiLoc 
• test_dataset: One type: MultiLocText 
• threshold: The Z-score that is used for feature selection. For instance, the MultiLoc’s 

animal data set uses a threshold of 1.645. 
• source_train_dir: The location of the train data and results for the HomoLoc system.  
• source_test_dir: The location of the test data for the HomoLoc system.  
• target_dir: The location of where the data is stored which is then used to train and test the 

HomoLocNB and HomoLocMWT.  
• num_bins: The number of intervals for discretization; this is set to 10. 

Input Files 
Training File located at /cis/hs/projects/cpMultiLocQueens/yinData/ 
Test Files located at /cis/hs/projects/MultiLocQueens/1vs1/ 

Output Files 
/cis/hs/projects/cpMultiLocQueens/HomoLoc3Result/ 

Command Example 
perl setupData_homolocNB.pl Animal MultiLoc MultiLocText Thresh1645 
/cis/hs/projects/cpMultiLocQueens/yinData/ /cis/hs/projects/MultiLocQueens/1vs1/ 
/cis/hs/projects/cpMultiLocQueens/HomoLoc3Result/ 10 

D.2  Instructions to run naïve Bayes text classifiers 

Home Directory: /cis/hs/projects/cpMultiLocQueens/yinDiscretize/ 

D.2.1 Run EpiLocNB on MultiLoc, PLOC or TargetP Data Set 

Command 
perl batch_epiloc3_discretize.pl <organism> <dataset> <exp_run> <num_bins> 

Command Options 
• organism: Choose the type of organism. For instance, the MultiLoc data set has three 

organism types: animal, plant and fungal. 
• dataset: The type of data set that is used. For instance, the MultiLoc, TargetP and PLOC 

data set. 
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• exp_run: The experimental run which is set to five to perform a five-time five-fold cross-
validation. 

• num_bins: The number of intervals for discretization; this is set to 10. 

Input Files 
/cis/hs/projects/cpMultiLocQueens/yinData/ 

Output Files 
/cis/hs/projects/cpMultiLocQueens/EpiLoc3Result/ 

Command Example 
perl batch_epiloc3_discretize.pl Animal MultiLoc 5 10 

D.2.2 Run EpiLocNB on Diff48 Data Set 

Command 
perl batch_epiloc3_discrete_diff48.pl <source_dir> <target_dir> <organism> <data_set> 
<fold_num> <num_bins> <pseudo_count> 
 

Command Options 
• source_dir: The directory where the data is located.  
• target_dir: The directory where the results are stored. 
• organism: Choose the type of organism. Only one organism type: All. 
• data_set: The type of data set that is used. Only one data set type: Diff48. 
• fold_num: The number of cross-validations to be performed. This is set to 5 for five-fold 

cross-validation. 
• num_bins: The number of intervals for discretization; this is set to 10. 
• pseudo_count: The value for a hypothetical value; this is set to 0.01. 

Input Files 
/cis/hs/projects/cpMultiLocQueens/yinData/ 

Output Files 
/cis/hs/projects/cpMultiLocQueens/EpiLoc3Result/ 

Command Example 
perl epiloc3_discrete_diff48 /cis/hs/projects/cpMultiLocQueens/yinData/ 
/cis/hs/projects/cpMultiLocQueens/EpiLoc3Result/ All Diff48 5 10 0.01 
 

D.2.3 Run HomoLocNB on MultiLoc Data Set 

Command 
perl batch_homoloc3_discretize.pl <organism> <data_set> <exp_run> <num_bins> 

Command Options 
• organism: Choose the type of organism. The MultiLoc data set has two organism types: 

animal and plant. 
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• data_set: The MultiLocText data set is used. 
• exp_run: The experimental run which is set to five to perform a five-time five-fold cross-

validation. 
• num_bins: The number of intervals for discretization; this is set to 10. 

Input Files 
/cis/hs/projects/cpMultiLocQueens/HomoLoc3Result/ 

Output Files 
/cis/hs/projects/cpMultiLocQueens/HomoLoc3Result/ 

Command Example 
perl batch_homoloc3_discretize.pl Animal MultiLoc 5 10 

D.2.4 Run HomoLocNB on MultiLoc Textless Data Set 

Command 
perl homoloc3_discrete_textless.pl <source_dir> <target_dir> <organism> <data_set> 
<num_bins> <pseudo_count> 

Command Options 
• source_dir: The location where the training and test files are located. 
• target_dir: The location where the results are located. 
• organism: Choose the type of organism. The MultiLoc data set has three organism types: 

animal, plant and fungal. 
• data_set: The MultiLocTextless data set is used. 
• num_bins: The number of intervals for discretization; this is set to 10. 
• pseudo_count: The value for a hypothetical value; this is set to 0.01. 

Input Files 
/cis/hs/projects/cpMultiLocQueens/HomoLocNB/ 

Output Files 
/cis/hs/projects/cpMultiLocQueens/HomoLoc3Result/ 

Command Example 
perl homoloc3_discrete_textless.pl /cis/hs/projects/cpMultiLocQueens/HomoLocNB/ 
/cis/hs/projects/cpMultiLocQueens/HomoLoc3Result/ Animal MultiLocTextless 10 0.01 

D.3  Instructions to run Mean Weight Text classifiers 

Home Directory: /cis/hs/projects/cpMultiLocQueens/Epiloc2/ 

D.3.1 Run EpiLocMWT on MultiLoc, PLOC or TargetP Data Set 

Command 
perl batch_epiloc2_multinomial.pl <organism> <data_set> <start_fold> <threshold> 
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Command Options 
• organism: Choose the type of organism. For instance, the MultiLoc data set has three 

organism types: animal, plant and fungal. 
• data_set: The type of data set that is used. For instance, the MultiLoc, TargetP and PLOC 

data set. 
• start_fold: The initial fold number for cross-validation; this is set to 1. 
• threshold: The Z-score that is used for feature selection. For instance, the MultiLoc’s 

animal data set uses a threshold of 1.645. 

Input Files 
/cis/hs/projects/cpMultiLocQueens/yinData/ 

Output Files 
/cis/hs/projects/cpMultiLocQueens/EpiLocNB 

Command Example 
perl batch_epiloc2_multinomial.pl Animal MultiLoc 1 1645Thresh 

D.3.2 Run EpiLocMWT on Diff48 Data Set 

Command 
perl epiloc2_multinomial_diff48.pl <organism> <data_set> 

Command Options 
• organism: Choose the type of organism. Only one organism type: All. 
• data_set: The type of data set that is used. Only one data set type: Diff48. 

Input Files 
Train Files: 
/cis/hs/projects/MultiLocQueens/Data/multiLoc/Homred80/SwissPub/withoutTextless/ 
Test Files: /cis/hs/projects/MultiLocQueens/Data/Diff48/SwissPub/combined/ 

Output Files 
/cis/hs/projects/cpMultiLocQueens/EpiLocNB/ 

Command Example 
perl epiloc2_multinomial_diff48.pl All Diff48 
 

D.3.3 Run HomoLocMWT on MultiLoc Data Set 

Command 
perl batch_homoloc2_multinomial.pl <organism> <data_set> <threshold_folderName> <zscore> 
<test_dataset> <exp_run> 
 

Command Options 
• organism: Choose the type of organism. For instance, the MultiLoc data set has two 

organism types: animal and plant. 
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• data_set: The MultiLoc data set is used. 
• threshold_folderName: The name of the threshold folder that stores the training data.  
• zscore: The Z-score that is used for feature selection. For instance, the MultiLoc’s animal 

data set uses a threshold of 1.645. 
• test_dataset: The name of the test dataset is MultiLocText. 
• exp_run: The experimental run which is set to five to perform a five-time five-fold cross-

validation. 

Input Files 
Train files: /cis/hs/projects/cpMultiLocQueens/EpiLocNB/ 
Test files: /cis/hs/projects/MultiLocQueens/ 

Output Files 
/cis/hs/projects/cpMultiLocQueens/HomoLocNB/ 

Command Example 
perl batch_homoloc2_multinomial_multilocText.pl Animal MultiLoc 1645Thresh 1.645 
MultiLocText 1  

D.3.4 Run HomoLocNB on MultiLoc Textless Data Set 

Command 
perl homoloc2_multinomial_multilocTextless.pl <organism> <data_set> 
<threshold_folderName> <zscore> <test_dataset> 

Command Options 
• organism: Choose the type of organism. For instance, the MultiLoc data set has three 

organism types: animal, plant and fungal. 
• data_set: The MultiLoc data set is used. 
• threshold_folderName: The name of the threshold folder that stores the training data.  
• zscore: The Z-score that is used for feature selection. For instance, the MultiLoc’s animal 

data set uses a threshold of 1.645. 
• test_dataset: The name of the test dataset is MultiLocText. 
• exp_run: The experimental run which is set to five to perform a five-time five-fold cross-

validation. 

Input Files 
Train files: 
/cis/hs/projects/MultiLocQueens/Data/multiLoc/Homred80/SwissPub/withoutTextless/ 
Test files: 
/cis/hs/projects/MultiLocQueens/Data/multiLoc/Homred80/SwissPub/withoutTextless/RemovedP
roteins/HomoLoc/ 

Output Files 
/cis/hs/projects/cpMultiLocQueens/HomoLocNB/ 

Command Example 
perl homoloc2_multinomial_multilocTextless.pl Animal MultiLoc 1645Thresh 1.645 
MultiLocTextless   
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D.4  Statistical Testing with Matlab Scripts 

Home Directory: /cis/hs/projects/cpMultiLocQueens/Epiloc2/ 
Matlab Scripts. Run the following commands in the Matlab environment. 

D.4.1 Paired Sample t-tests for Sensitivity, Specificity and Matthew’s Correlation 

coefficient 

Command 
nb_svm_sens_pairttest (inputFile1, inputFile2, outputFile, pValueFile, dataset, measurement, 
option) 
 

Command Options 
• inputFile1: The sensitivity, specificity or Matthew’s Correlation coefficient input file 

from classifier 1. 
• inputFile2: The sensitivity, specificity or Matthew’s Correlation coefficient input file 

from classifier 2. 
• outputFile: Output the results for the paired sample t-test. 
• pValueFile:  Output the number of results that are statistically-significant for classifier1 

and classifier2. 
• dataset: The type of data set that is used. For instance, the MultiLoc, TargetP and PLOC 

data set. 
• measurement: The type of measure that was performed which can be sensitivity, 

specificity and Matthew’s Correlation coefficient. 
• option: Display the output of classifier 1 versus classifier 2. There are three options:  

o option 1: Mean Weight Text classifier and support vector machine 
o option 2: naïve Bayes classifier and support vector machine 
o option 3: Mean Weight Text classifier and naïve Bayes classifier 

Input Files 
/cis/hs/projects/cpMultiLocQueens/EpiLocNB/MultiLoc/Animal/ 

Output Files 
/cis/hs/projects/cpMultiLocQueens/EpiLocNB/MultiLoc/Animal/ 

Command Example 
nb_svm_sens_pairttest (‘epilocMean_Animal.sens’, ‘Animal_sens.sens’, ‘nb_svm_sens.result’, 
‘nb_svm_sens_pValue.result’, ‘MultiLoc’, ‘sens’, 1) 

D.4.2 Paired Sample t-tests for Accuracy and Average Sensitivity 

Command 
nb_svm_acc_pairttest (inputFile1, inputFile2, outputFile, dataset, measurement, option) 

Command Options 
• inputFile1: The sensitivity, specificity or Matthew’s Correlation coefficient input file 

from classifier 1. 
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• inputFile2: The sensitivity, specificity or Matthew’s Correlation coefficient input file 
from classifier 2. 

• outputFile: Output the results for the paired sample t-test. 
• dataset: The type of data set that is used. For instance, the MultiLoc, TargetP and PLOC 

data set. 
• measurement: The type of measure that was performed which can be sensitivity, 

specificity and Matthew’s Correlation coefficient. 
• option: Display the output of classifier 1 versus classifier 2. There are three options:  

o option 1: Mean Weight Text classifier and support vector machine 
o option 2: naïve Bayes classifier and support vector machine 
o option 3: Mean Weight Text classifier and naïve Bayes classifier 

Input Files 
/cis/hs/projects/cpMultiLocQueens/EpiLocNB/MultiLoc/Animal/ 
 

Output Files 
/cis/hs/projects/cpMultiLocQueens/EpiLocNB/MultiLoc/Animal/ 

Command Example 
nb_svm_acc_pairttest (‘epilocMean_Animal.acc’, ‘Animal_acc.acc’, ‘nb_svm_acc.result’, 
‘MultiLoc’, ‘acc’, 1) 
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