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Because protein is a primary element responsible for 
biological or biochemical roles in living bodies, protein 
function is the core and basis information for biomedical 
studies. However, recent advances in bio technologies have 
created an explosive increase in the amount of published 
literature; therefore, biomedical researchers have a hard 
time finding needed protein function information. In this 
paper, a classification system for biomedical literature 
providing protein function evidence is proposed. Note that, 
despite our best efforts, we have been unable to find 
previous studies on the proposed issue. To classify papers 
based on protein function evidence, we should consider 
whether the main claim of a paper is to assert a protein 
function. We, therefore, propose two novel features — 
protein and assertion. Our experimental results show a 
classification performance with 71.89% precision, 90.0% 
recall, and a 79.94% F-measure. In addition, to verify the 
usefulness of the proposed classification system, two   
case study applications are investigated — information 
retrieval for protein function and automatic 
summarization for protein function text. It is shown that 
the proposed classification system can be successfully 
applied to these applications. 
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I. Introduction 

According to the central dogma of biology, the genome in 
DNA is translated into protein through a messenger RNA. 
Protein is in charge of biological or biochemical roles, and is a 
primary element of the function of living bodies [1]. Therefore, 
many biomedical researchers have made their best efforts to 
find new protein functions using all types of available methods, 
such as homology-based analysis, sequence motif analysis, 3D 
protein structure analysis, and association network analysis [2]. 
In addition, based on known protein function information, 
researches including new drug development and other areas 
have been conducted. Based on this, protein function 
information is the core and basis information that many 
researchers need to find and manage.  

However, because of recent advances in computational 
bioinformatics technologies, the number of published 
biomedical papers has increased explosively. According to 
MEDLINE fact sheets, the MEDLINE literature database 
contains over 19 million references, and 2,000 to 4,000 new 
papers are being added daily.1) This explosive increase in the 
amount of literature has made it difficult for biomedical 
researchers to find necessary protein function information. 

To solve this difficulty, PubMed, which is the most widely 
used biomedical literature search engine, provides a separate 
literature list for protein functions. For example, if a query 
string of “MICU1” is entered into PubMed, it provides a 
separate list of papers previously input into the database. In 
addition, Swiss-Prot, which is the most widely used protein 
database in the world, provides protein function information 
and their evidences, as shown in Fig. 1, which are manually  
                                                               

1) http://www.nlm.nih.gov/pubs/factsheets/medline.html 
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Fig. 1. Example of MICU1_HUMAN entry in Swiss-Prot, which
provides function annotation and supporting references.  

 
annotated by biomedical domain experts.  

The literature providing protein function evidence is made 
up of papers such as reference papers for the protein function 
of Swiss-Prot and papers separately provided by PubMed. The 
literature does not simply mention previously identified protein 
functions, rather it provides evidence for such protein functions, 
such as experimental and sequence analysis results. In general, 
papers that first identify and assert a particular function of a 
target protein are papers that provide protein function evidence.  

However, because PubMed and Swiss-Prot provide only the 
inputted literature previously registered in the database for 
protein functions, they inevitably show only limited 
information, which is much less than the actual information 
revealed through papers that can be found through PubMed. 
That is, because these services cannot provide papers that have 
not been reviewed when annotating the database or papers with 
new recently revealed research results, biomedical researchers 
are constantly searching the literature associated with their 
research, and spend a lot of time and effort to find new function 
information that they previously missed. Therefore, an 
automatic classification study on finding biomedical literature 
providing protein function evidence from a huge set of 
documents is valuable and can provide literature information 
that previously could not be retrieved using PubMed and 
Swiss-Prot.  

However, classifying whether a biomedical document 
contains protein function evidence is a difficult problem. For 
this problem, it is not sufficient to apply a typical conventional 
classification method, which determines the class of a 

document by determining whether a protein function is 
mentioned in a document. To be classified as such, the main 
claim of the paper should be that it is providing a protein 
function. That is, for a correct classification, the main claim 
should be separated from comments on existing research and 
functional words ordinarily used, such as protein names. Thus, 
in addition to existing document classification methods, an 
additional feature study on classifying only literature providing 
protein function evidence is needed.  

In this paper, we propose document classification research to 
classify biomedical papers based on protein function evidence. 
To solve this problem, we automatically construct a document 
classification corpus using protein function evidence 
information in Swiss-Prot; in addition, we propose two novel 
features — protein and assertion. We then show the 
effectiveness of the proposed system using two case study 
applications — information retrieval and automatic text 
summarization for protein functions. 

II. Related Work 

In this section, we introduce numerous studies on biomedical 
literature classification. The difference between literature 
classification of the biomedical domain and non-biomedical 
domain is that the classification standard varies greatly 
depending on the purpose. For example, if the purpose is the 
construction of a protein–protein interaction (PPI) network, 
then the literature is classified according to the inclusion of PPI 
information. In addition, if the purpose is a specific disease, 
then the literature is classified according to the specific disease.  

First, studies classifying literature including PPI information 
are as follows [3]–[7]. Kolchinsky and others [3] used features 
of word-pair and protein mentions, as well as proposing a 
linear classifier based on term-relevance to obtain a high 
performance. Chen and others [4]–[5] proposed a semi-
supervised self-training method to use large unlabeled articles 
in [4] and a feature selection method based on context 
similarity in [5]. Garcia and others [6] extracted unigram, 
bigram, and trigram features of high information gain and 
classified the literature based on these extracted features. Matos 
and Oliveira [7] proposed a vector-space classification method, 
which retrieves similar articles to a target article and then 
classifies the retrieved articles using assigned scores.  

For the TREC Genomics Track 2005 Categorization Task, 
[8] and [9] classify biomedical papers according to alleles of 
mutant phenotypes, embryologic gene expression, gene 
ontology, and tumor biology. Li and others [8] proposed a 
meta-classification method, which separately classifies full-text, 
abstracts, and MeSH ontology information using an SVM  
and then combines the classification results using logistic 
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regression. Cohen [9] performed repeated resampling of the 
training data to train multiple SVM classifiers; he then 
determined the test document category using these multiple 
classifiers.  

The studies classifying biomedical literatures according to 
disease categories, such as arrhythmias, coronary heart, and 
cholangiocarcinoma diseases, are as follows [10]–[11]. Dollah 
and Aono [10] classified a document by performing ontology 
alignment between a hierarchy of extracted MeSH keywords 
and the OHSUMED disease hierarchy. Sibunruang and Polpinij 
[11] proposed a cholangiocarcinoma document classification 
method using the Cancer Technical Term Net Ontology.  

Other kinds of biomedical literature classification studies are 
as follows. Polavarapu and others [12] studied biomedical 
document classification for human genome epidemiological 
research using the CDC HuGENet database. Krallinger and 
others [13] classified biomedical literature using an SVM for 
cell cycle information. In addition, as part of the BioCaster 
project, Conway and others [14] carried out a classification for 
biomedical news that is of interest to health professionals.  

The previous works described above mainly classify the 
biomedical literature according to whether papers contain PPI 
information, disease categories, and so on. Despite our best 
efforts, a biomedical literature classification for providing 
protein function evidence has yet to be found.  

Among previous studies, the most relevant work with the 
proposed study is classification according to PPI information. 
However, they are completely different in purpose and scope. 
The purpose of such PPI document classification is two-fold in 
that it is to extract PPI relationships using an existing relation 
extraction method [15]–[17] and to construct a PPI network to 
find candidate proteins that affect the target protein directly or 
indirectly. However, a protein function is how a protein works 
in an organism, and requires much broader information 
including the PPI. For example, in the case of the MICU1 
protein in Fig. 1, document classification for PPI classifies 
documents only according to whether they contain MICU1-
regualte-MCU information. However, document classification 
for protein function evidence considers much more general 
information, such as when MICU1 protein regulates MCU 
protein (that is, when cytoplasmic calcium is low); how 
MICU1 protein regulates MCU protein (that is, senses the 
calcium level through its EF-hand domains and sets a 
threshold); and what effects are allowed through this regulation 
(that is, preventing mitochondrial calcium overload, regulating 
glucose-dependent insulin secretion in pancreatic beta-cells, 
and inducing T-helper 1-mediated auto-reactivity). 

If the proposed literature classification for protein function 
evidence is effectively solved, then it enables many applications 
for protein functions, such as information retrieval, automatic 
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text summarization, and database curation [18]–[19].  

III. Classifying Biomedical Literature Providing Protein 
Function Evidence 

The overall system architecture is shown in Fig. 2. During 
the training phase, a corpus for document classification is first 
automatically constructed. After the collected documents are 
represented as feature vectors through natural language 
processing (NLP) pipelines, a document classification model is 
then trained using a machine learning algorithm. 

During the classification phase, new test articles are 
classified by whether they provide protein function evidence. 
The input articles are represented as feature vectors using the 
same method as in the training phase and are classified using 
the trained document classification model.  

1. Automatic Corpus Construction 

The Swiss-Prot database is a high-quality, non-redundant, 
and manually annotated protein database [20]. It provides 
function annotation information and the supporting scientific 
literature for each protein, as shown in Fig. 1. To annotate the 
protein function information, reviewers and biomedical 
domain experts identify relevant papers by searching through 
literature databases such as PubMed and using literature 
mining tools. The full text of each paper is reviewed, and all 
experimental findings are compared with both the current 
knowledge on the related proteins and the sequence analysis 
results. The new findings captured from the scientific literature 
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Table 1. Simplified XML structure of Swiss-Prot. 

<entry dataset=“Swiss-Prot” created=“2008-03-18Z” …> 

  <name>MICU1_HUMAN</name> … 

  <comment type=“function” evidence=“1 2 3 4”> 

    <text> Key regulator of mitochondrial calcium uniporter (MCU) 
required to limit calcium uptake by MCU when cytoplasmic 
calcium is low. …</text> 

  </comment> … 

 <evidence key=“1” type=“ECO:0000006”> 

    <source> 

      <dbReference type=“PubMed” id=“16002733”/> 

    </source> 

  </evidence> … 

</entry> 

 

 
are then added to the protein entry.2) 

To construct a document classification corpus, a protein 
function annotation and its evidence information are used. The 
XML structure of Swiss-Prot is shown in Table 1. First, all 
PubMed reference IDs (PMIDs) and their comment type are 
extracted for each protein entry. An extracted PMID is then 
classified according to whether it is referred to as a function 
type. Because all enrolled papers are carefully reviewed and 
annotated by biomedical domain experts, if a paper is referred 
to as a function type at least once, then it definitely includes 
protein function evidence. On the other hand, if a paper is not 
referred to as a function type after an expert review, then it is 
assumed that the literature will not include protein function 
evidence. As a result, the total number of articles in the Swiss-
Prot database is 79,276, of which 44,021 articles are labeled as 
providing protein function evidence, and 35,255 articles are not. 
Lastly, all articles are fetched using the PubMed E-utilities 
API,3) and their title and abstract texts are then extracted.  

2. Document Classification 

As a classification method, the maximum entropy (ME) 
model is used [21], which has been successfully applied to 
many biomedical text mining tasks. It has a good performance 
with a fast speed [22]. In the ME model, the conditional 
probability of class y given a feature vector x is defined as 
follows:  
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where fi(x, y) is the ith lexical feature function, λi is the 
weighting parameter of fi(x, y), k is the number of features, and 
                                                               

2) http://www.uniprot.org/faq/45 

3) http://www.ncbi.nlm.nih.gov/books/NBK25500/ 

Z(x) is the normalization factor for y p(y|x) = 1. The ME 
model has an advantage in that the relative importance of each 
feature can be analyzed, because it has weight λi for each 
feature.  

3. Feature Representation 

In this section, an input document is converted into a feature 
set for classification. For the conversion, a basic NLP pipeline 
of sentence breaking, tokenization, and part-of-speech (POS) 
tagging is performed [23]. Using the NLP pipeline result, a 
feature set is extracted.  

To correctly classify the literature, we need to know the 
lexicon used to represent the protein function. The lexicon for 
the protein function can be found using the ME model. Each 
document is represented as a bag-of-word feature, and the ME 
training algorithm then automatically learns the appropriate 
weights of each lexical feature. At this time, the lexical features 
representing a protein function have higher weights. The results 
of the feature importance will be shown in the experiment 
section.  

It should then be distinguished whether the lexical features 
representing protein function are used for the main contribution 
of the research paper. To capture these cases, we propose two 
novel features — protein and assertion. A protein feature 
distinguishes an ordinarily used functional lexicon in the 
protein name, which is used regardless of the contribution of 
the paper. In addition, an assertion feature helps to distinguish 
whether the main argument of the paper contains a lexicon 
expressing protein function.  

First, the protein feature separates lexicons used normally 
and as a protein name, because a lexicon used for a protein 
name is ordinarily used for an indication of a particular protein 
and has little relation to the main contribution of the paper. 
Table 2 shows title texts of existing research papers retrieved 
from PubMed, and it shows examples of a lexicon used 
normally and one used as a protein name. In the case of normal 
usage, the first example represents a glutamate uptake function, 
and the second example indicates a function of binding 
between BST-2 and cellular MT1-MMP. However, in the case 
of the protein name, mentions of iron uptake protein and 
calcium-binding protein are used for an indication of particular 
proteins and have little relationship with the main contents of 
the paper, which are marked as underlined.  

To recognize protein names, we use the GENIA named 
entity tagger. Using the result of protein name recognition, we 
propose three separation methods: firstly, the protein.lexical 
feature separates the protein lexicon from the normal sentence 
lexicon by adding a “P_” prefix. For example, it affects 
whether the uptak feature, used as a single feature, is separated 
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Table 2. Examples of lexicons used for normal usage and protein name.

Usage Title text (retrieved from PubMed) 

High glucose stimulates glutamate uptakes in pancreatic β-cells. 
(PMID: 22232641) Normal 

usage BST-2 binding with cellular MT1-MMP blocks cell growth and 
migration via decreasing MMP2 activity. (PMID: 22065321) 

Bacillus cereus iron uptake protein fishes out an unstable ferric 
citrate trimer. (PMID: 23027976) 

Protein 
name Hom s 4, an IgE-reactive autoantigen belonging to a new 

subfamily of calcium-binding proteins, can induce Th cell type 1-
mediated autoreactivity. (PMID: 16002733) 

 

Table 3. Detailed example of protein features. 

Input sentence It requires [a calcium uptake protein 1]PROTEIN, ... 

protein.lexical requir P_calcium P_uptak P_protein P_1 ... 

protein.tag requir PROT 

protein.tag lexical requir PROT P_calcium P_uptak P_protein P_1 ... 

 

 
as uptak or P_uptak based on the protein name. Second, the 
protein.tag feature replaces the protein lexicon with a protein 
tag. This has a generalization effect, which diminishes the high 
sparseness of the protein lexicon. Finally, the protien.tag.lexical 
feature is a combination of the protein.tag and protein.lexical 
features. A detailed example is shown in Table 3. Note that this 
approach to a protein feature is compared with a study by Li 
and others [8], whereby they regarded a protein name as a 
single token, such as 10-kD*skeletal*extracellular*matrix* 
protein, and used lexical information in the protein name.  

Second, we propose an assertion feature, which is a sentence 
related with the main argument of the paper. Generally, a 
research paper reveals previously unknown facts. An assertion 
sentence is a clearly described sentence of the main contribution 
of the paper. Examples of an assertion sentence are as follows: 
■ “We have identified a new member of the TGF-beta 

superfamily, CET-1, …” 
■ “In the present study, we demonstrate that upon engagement 

of the T cell receptor (TCR), …” 
■ “Our results show that cet-1 controls diverse biological 

processes …” 
■ “These results suggest that Xin may participate in a BMP-

Nkx2.5-MEF2C pathway to control cardiac …” 
Because whether the literature provides evidence of a protein 

function is determined by whether the main contribution of the 
paper is related with a protein function, the assertion sentences 
of the paper are crucial features for classifying literature 
providing protein function evidence. An algorithm to extract an 
assertion feature is shown in Table 4. 

Table 4. Assertion feature extraction algorithm. 

Document = {S1, S2, S3, … , Sn} 

Si = {w1, w2, w3, … , wm} 

AF[] =  { } 

 

For  i = 1, … , n  that 

 For  j = 1, … , m  that 

  If (wj.lexical = “we”)  then  AF = AF  Si  

  If (wj.lexical = “our”)  then  AF = AF  Si  

  If (wj.lexical  {“result,” “results”})  then  

    If (w(j–1).lexical  {“the,” “this,” “these”})  then  AF = AF  Si 

  If (wj.lexical = “paper”)  then  

   If (w(j–1).lexical = “this”)  then  AF = AF  Si  

  If (wj.lexical = “paper”)  then  

    If (k  {1, … , j–1}: wk.pos != “verb”)  then  AF = AF  Si  

 

Return AF 

 

 
The assertion sentence extraction algorithm proposed in this 

paper is relatively simple. Note that it is consistent with a 
tendency in which, if an author writes we, this paper, or these 
results in the abstract of the paper, as shown in the above 
examples, the author will often explain what they have studied, 
the meaning of the experimental results, and so on. In addition, 
the proposed algorithm is designed for an extraction of obvious 
assertion sentences with minimal error rather than extracting 
every possible sentence without exception. To verify the 
extraction algorithm, the proposed algorithm is applied to the 
training data, and we make sure that it effectively extracts 
assertion sentences in a consistent manner.  

IV. Experimental Results 

For the experimental data, Swiss-Prot version 2012-07 is 
used. The dataset is randomly divided into a training set (90%) 
and a test set (10%). The numbers of the training and test 
instances are 71,434 and 7,842, respectively, and the accuracy 
of random guessing is 55.03%. To evaluate the performance of 
document classification, we use the precision, recall, and F-
measure. For a text preprocessor and protein name recognizer, 
we use a GENIA named entity tagger.4) In addition, the Maxent 
toolkit5) and L-BFGS parameter estimation algorithm are used.  

1. Experiments of Individual Features 

In this section, we show detailed feature representation 
methods of three individual features and experimental results.  
                                                               

4) http://www.nactem.ac.uk/GENIA/tagger/ 

5) http://homepages.inf.ed.ac.uk/lzhang10/maxent_toolkit.html 
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First, a basic feature represents basic text processing results 
such as tokenization, normalization, and POS tagging. More 
specifically, a basic.bow feature is a bag-of-words of the 
tokenization results of a GENIA tagger with stop-words 
removed. The basic.normalize feature is the lexical 
normalization, which uses Porter Stemmer and separates 
symbol-connected tokens. In addition, the classification 
capability of each POS tag is analyzed, and it is shown that 
only three POS tags, noun, verb, and adjective, have significant 
effects among nineteen POS tags. A pos.adj_noun_verb filters 
out only three POS tags from the basic.normalize feature.  

The experimental results of the basic features are shown in 
Table 5, and basic.bow provides a performance of the baseline 
system. The basic.normalize improves the recall performance 
much more than basic.bow. The performance of the 
basic.normalize feature indicates that researchers can find 
80.17% of the correct literature with 76.68% precision. In 
addition, the pos.adj_noun_verb experiment shows that using 
only three POS tags can achieve the same level of performance 
as using all nineteen POS tags.  

As the protein features, three protein features —
protein.lexical, protein.tag, and protein.tag.lexical — were 
tested. The experimental results of the protein features are 
shown in Table 5. Because the protein.tag feature generalizes 
the sparseness of the protein lexicon, the recall is increased to 
81.24% from 80.17% of the basic.normalize feature. In 
addition, the usage of both the protein.tag and protein.lexical 
features increases the precision and recall, and this combination 
shows the best performance.  

In the assertion feature experiment, a classification using only 
assertion sentences was tested to determine a representation 
method of an assertion sentence for the combination phase. First, 
the assert.normalize feature is the assertion sentence feature 
applied with basic.normalize of the basic feature. Second, 
because assertion sentences of each paper have variations in  
their length, it is assumed that all documents have the same 
weight, and each feature of assert.normalize.weight is assigned 
weights based on the document length. Third, the 
assert.protein.tag.lexical feature applies the protein.tag.lexical 
feature to protein names in the assertion sentences. 

In Table 5, because assertion features use only assertion 
sentences, each document has a short length, which causes a 
low precision. From the assert.normalize.weight feature 
experiment, document-length weighting is effective when 
documents have differences in their length. In addition, the 
assert.protein.tag.lexical feature also has a good performance 
in terms of precision and recall, and is slightly better than the 
assert.normalize.weight feature. Lastly, a combination of the 
weighting and assert.protein.tag.lexical feature can be 
considered. However, this combination method assigns more 

Table 5. Experimental results of individual features. 

 Precision Recall F-measure 

basic.bow 77.21% 76.87% 77.04% 

basic.normalize 76.68% 80.17% 78.39% 

pos.adj_noun_verb 77.30% 79.51% 78.39% 

protein.lexical 76.47% 80.71% 78.54% 

protein.tag 76.00% 81.24% 78.53% 

protein.tag.lexical 76.99% 81.01% 78.95% 

assert.normalize 65.65% 79.76% 72.02% 

assert.normalize.weight 65.42% 82.94% 73.14% 

assert.protein.tag.lexical 65.74% 82.89% 73.32% 

 

 
weights to the recognized protein names because a weight is 
assigned to the PROT tag and P_protein name lexicon, 
separately. Actually, if a weighting method is applied to the 
assert.protien.tag.lexical feature, the precision and recall are 
slightly decreased, and consequentially, the F-measure is 
decreased by about 0.5%.  

2. Experiments of Combinational Features 

In this section, various combination methods for previous 
individual features are tested. First, a document is classified 
into three types — the title sentence, assertion sentence, and 
non-assertion sentence — and the combination methods of 
these sentence types are then tested. Second, to improve the 
recall performance, a cut-off experiment is performed based on 
the output conditional probability of the ME model. Improving 
the recall performance is important for the following reason: a 
document classified as a false-positive may be re-examined by 
the user or system in the next phase. However, a document 
classified as a false-negative is not provided to the next phase 
and has no chance of re-examination. The risk of a false-
negative case is therefore larger.  

Based on previous experimental results, all of the 
combinational features apply the protein.tag.lexical of the 
protein features. 

First, the combination.T-N-N feature appends T to the title 
and N to the assertion sentences and non-assertion abstract. 
This has an effect in that the lexicons in the title and abstract are 
separated as being different, and thus they have a different   
fi(x, y) and weight λi. Similarly, the combination.T-A-N feature 
appends T to the title; A to the assertion sentence; and N to  
the non-assertion abstract. In addition, the combination.T-T-N 
feature combines only the lexicon of the title and assertion 
sentences, and separates the non-assertion abstract; in addition, 
the combination.N-A-N feature separates only assertion 
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Table 6. Experimental results of combinational features. 

 Precision Recall F-measure 

combination.T-N-N 77.14% 81.10% 79.07% 

combination.T-A-N 76.90% 81.58% 79.17% 

combination.T-T-N 75.89% 83.17% 79.36% 

combination.N-A-N 76.12% 81.60% 78.76% 

 

 

Fig. 3. Performance results of probability cut-off experiment.
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sentences.  

In Table 6, the performances of combination.T-A-N and 
combination.T-T-N are higher than combination.T-N-N, which 
means that the separation of an assertion sentence from the 
abstract is effective. In addition, the title sentence and assertion 
sentences have a similar nature. This leads to a result in which 
the combination of these two sentences, combination.T-T-N, 
achieves the best performance.  

Second, to improve the recall performance, a probability cut-
off experiment is performed. In this experiment, if p(y = 1 | x) 
> cut-off, then the paper is then classified as including a protein 
function. Figure 3 shows the experimental results of the cut-off 
using the combination.T-T-N feature. By increasing the cut-off, 
the recall decreases faster than the precision increase. When the 
cut-off is 0.4, it achieves the best performance with a 71.89% 
precision, 90.0% recall, and 79.94% F-measure.  

3. Feature Analysis 

In this section, we analyze the model trained using the ME 
learning algorithm and then analyze the important features of  
the higher weights for each experiment [24]. Note that the 
conditional probability in the ME model contains Z(x) in the 
denominator; thus, the relative weights in a single model are only 
compared, and the absolute values of the weights are not 
considered.  

First, it is analyzed whether the major features for the 

document classification are lexicons representing a protein 
function. The trained model of the basic.normalize experiment 
is used to analyze the features. The “Basic feature” column of 
Table 7 shows the ten features among the top features and their 
weights. Note that the lexicons in Table 7 are stemmed and 
normalized. The analysis results show that the lexicons for a 
protein function are used as major features to classify a 
document providing protein function evidence. For example, 
major features used for protein function include knockdown, 
uptak, act, transfect, autophagi, movement, synthet, and inject. 

Second, through a protein feature analysis, the weight 
difference between whether the same lexicon is used normally 
or as a protein name is analyzed. For the feature analysis, the 
trained model of the protein.tag.lexical experiment is used. The 
analysis result is shown in the “Protein feature” column of 
Table 7, which shows the ten features among the top features 
and their weights for normal usage and as a protein name, 
respectively. The analysis results show that lexicons such as act 
and knockdown have a significant weight difference between 
normal usage and protein name usage. Moreover, in the case of 
lexicons such as overexpress and reduc(e), if they are used 
normally, then they increase the probability for a positive class, 
but if they are used as a protein name, then they decrease the 
probability, reversely. In this paper, we propose the hypothesis 
that if a lexicon is used for a protein name, then it has different 
importance with normal usage, and this analysis result is 
evidence for its correctness. 

Finally, to show the effectiveness of the separation of 
assertion sentences from other non-assertion sentences, the 
combination.T-A-N model is analyzed, and features that 
become important by separating an assertion sentence are 
investigated. The “Assertion feature” column of table 7 shows 
the feature analysis results. According to the results, a lexicon 
such as act is equally important regardless of whether it is used 
as an assertion feature or a non-assertion feature. However, 
lexicons such as requir(e), function, role, promot(e), and 
control have higher weights and are more important when used 
as an assertion feature than a non-assertion feature. Actually, 
although the two different training models are difficult to 
compare, we confirm that the assertion features in Table 7 have 
relatively low weights from the model of the combination.T-A-
A experiment. This weight difference effect is caused by the 
proposed assertion feature, and is evidence for the effectiveness 
of the assertion feature.  

V. Two Case-Study Applications  

1. Information Retrieval for Protein Function 

Generally, an information retrieval system including 
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Table 7. Feature analysis results. 

Basic feature Protein feature Assertion feature 

knockdown 0.6269036 act 0.4223537 P_act 0.0201349 A_requir 0.2948434 N_requir 0.0261408

uptak 0.3721180 knockdown 0.3218143 P_knockdown 0.0028082 A_act 0.2921403 N_act 0.3374955

belong 0.3638166 overexpress 0.2791324 P_overexpress – 0.0050674 A_function 0.2393178 N_function 0.0512650

act 0.3605847 uptak 0.2425000 P_uptak 0.0080121 A_role 0.2264551 N_role 0.1079808

transfect 0.3501983 reduc 0.2336003 P_reduc – 0.0049258 A_promot 0.1983949 N_promot – 0.0393265

autophagi 0.3409845 exhibit 0.2309426 P_exhibit 0.0051353 A_control 0.1686988 N_control 0.0949963

repressor 0.3376251 prolifer 0.2303643 P_prolifer – 0.0129291 A_mediat 0.1562042 N_mediat – 0.0107241

movement 0.3194586 function 0.2240967 P_function – 0.0122153 A_induc 0.1459353 N_induc 0.0314095

synthet 0.3008330 antimicrobi 0.2186139 P_antimicrobi 0.0250351 A_encod 0.1404075 N_encod 0.0105218

inject 0.2983965 suppress 0.2174351 P_suppress – 0.0043959 A_essenti 0.1385595 N_essenti – 0.0019322

 

 
PubMed provides search results when query words inputted by 
the user and the words in the literature are matched. Therefore, 
problems often occur in that the contents of the retrieved 
document are not related with the intention of the user.  

As one solution to this problem, the proposed literature 
classification system can be used. That is, if the user’s intention 
is to find the protein function information, the proposed 
classification system is applied to the literature search results. 
Then, only papers classified as providing protein function 
evidence are provided to the user.  

To measure the reducing ratio of the proposed system for a 
protein function as compared with the existing PubMed system, 
a new metric of reducing-ratio (of search result) is used. 

false-negative true-negative
Reducing-ratio .

total instance

+
=


 

For the experiments, three proteins — CD177 antigen, 
Sequestosome-1 Protein, and Calcium uptake protein 1, 
mitochondrial (MICU1) — are used.  

First, the CD177 antigen uses a query of (CD177 antigen), 
and a total of 152 papers are searched. After classification, a 
69.74% reducing ratio is shown. Because not a lot of studies 
have been carried out to identify the function of this protein, it 
is likely that a small amount of the literature is classified as 
providing protein function evidence.  

Second, Sequestosome-1 Protein uses a query of 
(Sequestosome-1[Title]) OR SQSTM1[Title], and a total of 
160 papers are searched. After classification, it achieves a 
reducing ratio of 40.0%. Among the top papers retrieved from 
PubMed, Table 8 shows examples of papers classified as 
providing protein function evidence or not. 

Finally, Calcium uptake protein 1, mitochondrial (MICU1) 
uses a query of (Calcium uptake protein 1, mitochondrial) or 

 

Table 8. Examples of retrieved papers for Sequestosome-1 Protein.

PMID Title text (retrieved from PubMed) p(y=1|x) Result

2429
1777

Heat Shock Factor 1 Confers Resistance to 

Hsp90 Inhibitors through p62/SQSTM1 

Expression and Promotion of Autophagic 
Flux. 

0.9670

2427
0048

TRAF6-mediated ubiquitination of NEMO 

requires p62/Sequestosome-1. 
0.7063

2424
0628

Overexpression of p62/SQSTM1 promotes 

the degradations of abnormally accumulated 

PrP mutants in cytoplasm and relieves the 
associated cytotoxicities via autophagy-

lysosome-dependent way. 

0.6768

2412
1507

p62/Sequestosome-1 Up-regulation Promotes 
ABT-263-induced Caspase-8 Aggregation/ 

Activation on the Autophagosome. 

0.9743

2406
5390

Knockdown of p62/Sequestosome 1 attenuates 
autophagy and inhibits colorectal cancer cell 

growth. 

0.5732

+1 

2413
8988

SQSTM1 mutations in Han Chinese 
populations with sporadic amyotrophic lateral 

sclerosis. 

0.0017

2408
6340

Association of p62/SQSTM1 Excess and Oral 
Carcinogenesis. 

0.3162

2404
2580

SQSTM1 Mutations in French Patients With 

Frontotemporal Dementia or Frontotemporal 
Dementia With Amyotrophic Lateral Sclerosis. 

0.0012

2381
2289

Sporadic ALS with compound heterozygous 

mutations in the SQSTM1 gene. 
0.1042

2365
8060

Common susceptibility alleles and SQSTM1 

mutations predict disease extent and severity in 

a multinational study of patients with Paget’s 
disease. 

0.0049

–1 
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(Atopy-related autoantigen CALC) or MICU1 and filters the 
publication date to between 1900/01/01 and 2012/12/31. The 
total search results are 805 papers. Because MICU1 protein is 
an important protein associated with cell apoptosis and atopic 
disease, numerous studies on identifying the function of 
MICU1 protein have been conducted. After classification, only 
a 9.81% reducing ratio is achieved. As shown in the above 
experiment results, the reducing ratio has a high variation 
according to how many studies have been performed related to 
the functions of the target protein 

Finally, we investigate the average reducing ratio of the 
proposed retrieval system. To measure the average ratio, we 
use an assumption generally used in the information retrieval 
domain; that is, that all documents have the same prior 
probability of being retrieved. For the experiment, the 
combination.T-T-N system with a 0.4 probability cut-off is 
applied to the test data in the experiments section. The resulting 
reducing ratio on the test data is 30.49%, which means that a 
researcher will receive 30.49% fewer papers on average. 

2. Automatic Text Summarization for Protein Function 

Like Swiss-Prot, which provides a function annotation text 
for each protein, if a summary of protein functions is 
automatically generated based on the literature classified as 
providing protein function evidence, biomedical researchers 
can quickly learn the necessary protein function information 
from a large amount of literature. The text summarization 
technique has been widely studied in the NLP domain, and is 
mainly studied to automatically generate news summaries 
containing the key phrases of the contents from extensive 
numbers of news articles. In this paper, the mead automatic 
summarization library, which is most widely used in the 
summarization domain, is used [25].  

First, to verify the effectiveness of the automatic 
summarization for protein function, the generated summary is 
compared with the gold-standard summary. MICU1 protein in 
Swiss-Prot provides four documents as evidence of protein 
function, as shown in Fig. 1. The MEAD summarization 
results using these four documents and annotation text 
manually inputted by human experts are compared. As a result, 
there is a significant amount of overlapping information in the 
automatically generated summary with the gold-standard 
summary, such as MICU1 is an essential gatekeeper for MCU-
mediated mitochondrial Ca 2 uptake, it regulates insulin 
secretion in pancreatic beta-cells, it induces T-helper 1- mediated 
autoreactivity, and so on.6) This result shows that a summary 
text for protein function can be successfully generated using  

                                                               

6) The summarization result is not provided because there is no space. 

Table 9. Automatic summarization results for Sequestosome-1 Protein
function using abstracts of positively classified papers in 
Table 8. 

[1] Knockdown of p62/Sequestosome 1 attenuates autophagy and inhibits 
colorectal cancer cell growth. p62/Sequestosome-1 is a 
multifunctional adapter protein implicated in selective autophagy, cell 
signaling pathways, and tumorigenesis, and plays an important role at 
the crossroad between autophagy and cancer. 

[2] Human colorectal cancer tissues from patients were analyzed for 
expression of p62 and Microtubule-associated protein light chain 3 
LC3, an autophagosome marker using immunostaining, western 
blotting, real-time PCR, and confocal microscopy. 

[3] To study the effects of p62 on autophagy and cell growth, shRNA for 
p62 was applied and cell growth curve was monitored in human 
colorectal cancer cell. 

[4] Protein aggregates can form in the cytoplasm of the cell and are 
accumulated at aggresomes localized to the microtubule organizing 
center MTOC where they are subsequently degraded by autophagy. 

[5] p62/Sequestosome-1 Up-regulation Promotes ABT-263-induced 
Caspase-8 Aggregation/Activation on the Autophagosome. 

[6] Autophagy and apoptosis regulate cancer cell viability in response to 
cytotoxic stress; however, their functional relationship remains 
unclear. p62/Sequestosome 1 is a multifunctional protein and a 
signaling hub that shuttles ubiquitinated proteins to the lysosome 
during autophagy. 

[7] Up-regulation of p62 was shown to enhance ABT-263-induced 
caspase-8 activation that was Bax-dependent and resulted from 
mitochondrial amplification. 

[8] Ectopic wild-type p62, but not p62 mutants with loss of ability to 
promote apoptosis, was shown to co-localize with caspase-8 and to 
promote its self-aggregation in ABT-263-treated cells, shown using a 
bimolecular fluorescence complementation assay. 

[9] A direct activator of caspase-8, i.e., TRAIL, alone or combined with 
ABT-263, induced caspase-8 aggregation and co-localization with 
p62 that was associated with a synergistic drug interaction. 

[10] p62/SQSTM1 is required for cell survival of apoptosis-resistant bone 
metastatic prostate cancer cell lines. 

 

 
automatic summarization techniques. 

Second, to show the possibility of summarization using the 
proposed classification system, we compare two summaries 
generated using the proposed classification system. For the 
experiment, the abstracts of the retrieved papers in Table 8 are 
used. Table 9 shows the automatic summarization results for 
Sequestosome-1 protein using the abstracts of five positively 
classified papers, and the function information is underlined. 
The results show that the summarization library properly 
extracts the protein function information related to SQSMT1 
protein.7) However, the summary of the results using negatively 
classified papers is not related with protein function and shows 

                                                               
7) In sentence 1 and 6 of Table 9, two sentences are extracted because of preprocessing error 

of mead library. 
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information such as the relationship between SQSMT1 
mutation and a disease. 

The MEAD library extracts key sentences, which are 
predicted to have a central role among the inputted documents. 
Thus, to successfully summarize protein function text, only 
papers providing protein function evidence should be used. 

VI. Conclusion 

In this paper, we proposed a biomedical literature 
classification problem for providing protein function evidence 
and its solution. Despite our best efforts, we were unable to 
find previous research on the proposed problem, despite its 
significance. 

To solve the document classification problem, we 
automatically construct a document classification corpus using 
the function evidence information of the Swiss-Prot database. 
To correctly classify papers providing protein function 
evidence, a classification should not be determined using only 
the function words used in a document, rather it should 
consider whether the contributions of a paper are related to the 
protein function. To solve this difficulty, we propose two novel 
features — protein and assertion. In addition, through 
experiments and feature analysis, we show that these two 
features are helpful in effectively classifying papers providing 
protein function evidence. The performance of the proposed 
classification system shows 71.89% precision, 90.0% recall, 
and a 79.94% F-measure.  

As case study applications for the proposed classification 
system, we show the possibilities of two application systems. 
The first application is an information retrieval system, which 
retrieves only papers providing protein function evidence 
among PubMed search results. The second application is an 
automatic summarization system for protein functions, such as 
a function annotation of Swiss-Prot. It was confirmed that the 
proposed classification system can be successfully applied to 
these applications. Using the proposed classification system, 
biomedical researchers can obtain protein function information 
easily and efficiently. 
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