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Abstract 
This paper describes our participation in the Gene Ontology Curation task (GO task) of 
BioCreative IV. In particular, we participated in both subtasks: A) identification of GO evidence 
sentences for relevant genes in full-text articles; and B) prediction of GO terms for relevant 
genes in full-text articles.  
 
For subtask A, we take the approach of learning from positive and unlabeled data (LPU) to 
mitigate of the problem of limited training data. In particular, we first build multiple features and 
train a logistic regression model to detect GO evidence sentences. Then, we leverage dictionary 
look-up and gene-ontology mapping to annotate genes for the predicted positive instances. Our 
best performing system achieves an F1 score of 0.27 when the overlapping ratio is set to 1.0. 
 
For subtask B, we design two different types of systems: 1) search-based systems, which predict 
GO terms based on existing annotations for GO evidences that are of different textual 
granularities (i.e., full-text articles, abstracts, and sentences) and are obtained by using state-of-
the-art information retrieval techniques (i.e., a novel application of the idea of distant 
supervision); and 2) similarity-based systems, which assigns GO terms based on the distance 
between words in sentences and GO terms/synonyms. Our search-based system significantly 
outperforms the similarity-based system. Our best system achieves 0.075 on flat F1 and 0.301 on 
hierarchical F1. 
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Introduction 
The gene ontology (GO) provides a set of concepts for annotating functional descriptions of 
genes and proteins in biomedical literature. The resulting annotated databases are useful for large 
scale analysis of gene products. However, performing GO annotation (GOA) requires expertise 
from well-trained human curators. Due to the fast growing of biomedical data, GOA becomes 
extremely labor-intensive and costly (1). Thus, biomedical texting mining tools that can assist 
GOA and reduce human effort are highly desired (1-3).  
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To promote research and tool development for assisting GO curation from biomedical literature, 
the Critical Assessment of Information Extraction in Biology (BioCreative) IV organized a Gene 
Ontology Curation Task (GO task) in 2013 (4). There are two subtasks: A) identification of GO 
evidence sentences for relevant genes in full-text articles; B) prediction of GO terms for relevant 
genes in full-text articles. The training set of GO task contains 100 full-text journal articles while 
the development and test sets each have 50 articles. Task organizers also provide ground-truth 
annotations for the training and development sets to all participants (5). 
 
In this paper, we describe our systems which participate in the GO task. For subtask A, we take 
the approach of learning from positive and unlabeled data (LPU) to mitigate of the problem of 
limited training data. In particular, we first build multiple features and train a logistic regression 
model to detect GO evidence sentences. Then, we leverage dictionary look-up and gene-ontology 
mapping to annotate genes for the predicted positive instances. For subtask B, we design two 
different types of systems: 1) search-based systems, which predict GO terms based on existing 
annotations for GO evidences that are of different textual granularities (i.e., full-text articles, 
abstracts, and sentences) and are obtained by using state-of-the-art information retrieval 
techniques; and 2) similarity-based systems, which assigns GO terms based on the distance 
between words in sentences and GO terms/synonyms. Our search-based system significantly 
outperforms the similarity-based system. Our best system achieves 0.075 on flat F1 and 0.301 on 
hierarchical F1. 
 
In the rest of paper, we will first describe our systems of subtask A and B in more detail. Then, 
we will present and discuss the official evaluation results. Finally, we draw conclusion and point 
possible directions for future work.  
 
System Description: Subtask A 
In this subtask, given a full-text article we need to identify GO evidence sentences and annotate 
genes related to these sentences. One major challenge of this subtask is that the size of training 
set is very small. To address this problem we take the approach of learning from positive and 
unlabeled data (LPU) (6-8). Elkan and Noto showed that, if positive instances are obtained 
randomly in the application domain, an LPU classifier trained on just positive instances can 
perform as well as the one trained with both positive and negative instances (9). Therefore, we 
hypothesize that the available positive samples in the training data are random samples from 
biomedical domain, and we further expand the size of negative samples based on external 
resources. By doing so, we can obtain enough data to train a good classifier.  
 
Identification of GO Evidence Sentences 
Many LPU systems adopt a two-step strategy. The first step is to obtain a reliable negative data 
set (RN) and the second step is to refine or augment RN using various learning methods, such as 
clustering and boosting. For example, Li and Liu (8) proposed a method for training a classifier 
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based on positives and unlabeled documents with clustering methods. In our system, we use a 
similar approach. 
 
Data preprocessing 
We extract positive and negative instances (i.e., sentences) from both training and developing 
sets to train our model. The training set produces 1318 positive and 26868 negative instances 
while the development set gives 558 positive sentences and 14580 negative sentences. 
 
We use GeneRIF (10) data as an unlabeled data pool which contains excerpts from literature 
about the functional annotation of genes described in Entrez Gene. In particular, each record 
contains a taxonomy ID, a Gene ID, a PMID, and a GeneRIF text excerpt extracted from 
literature. We obtain about 20,000 excerpts from human GeneRIF records.  
 
Feature extractions 
Bag-of-words (BOW) features: we run MedTagger (11) on each sentence to generate a vector of 
stemmed words. In particular, we use 1 or 0 to indicate the presence or absence of feature words.  
Bigram features: bigrams in each sentence are potentially useful because we observe that many 
genes names are bigrams.  
 
Section features: they indicate where the sentences are from, i.e., title, abstract, introduction, 
methods, discussion, and etc.  
 
Topic features: these features are generated by Latent Dirichlet Allocations (LDA) (12), which 
can effectively group similar instances together based on their topics (13-16).  
 
Presence of genes: we again use binary number 0/1 to indicate the presence of a specific gene. 
 
Model Training 
We apply logistic regression (LR) to the features for predicting labels for each instance. In 
particular, we impose a constraint on model parameters in a regularized logistic regression to 
avoid over-fitting and to improve the prediction performance on unseen instances. LR-TRIRLS 
which implements ridge regression is used with five-fold cross validation. 
 
Gene Annotation 
After negative testing instances are filtered out, remaining positive instances are left for gene-ID 
assignment. We use four main approaches in our system. 
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Direct matching with dictionary look-up 
Basic dictionary look-up is done for each positive sentence, i.e., after we tokenize each sentence 
we use a simple string matching method to check whether there are genes appearing in the 
sentences. If so, corresponding gene IDs found in the dictionary are assigned to that sentence. 
 
Gene reference 
In the testing set, gene IDs are provided for each article. Based on the gene ID and gene families 
data we retrieve a list of gene synonyms. If a synonym is found in a sentence, we assigned the 
corresponding gene ID to that sentence. 
 
a. Assignments based on coreference resolution and distance measures: 
We hypothesize that adjacent sentences in the same section have high similarity, especially for 
those having coreferring expressions. Therefore, if a coreference is found among sentences or 
sentences appear close to each other, gene IDs assigned to one of those sentences are assigned to 
others as well. 
 
b. Assignments based on gene-sentence distributions: 
We find that there are still 32 genes to which we cannot find related sentences by using the above 
method a. We hypothesize that not all sentences in the article would be related to some genes. 
Instead, probability distributions over words for those missing genes can be obtained from the 
training and development data and used for identifying gene-related sentences. 
 
Submissions 
For the three systems we submit, we use thresholds of dividing positive and negative instances 
computed with the logistic regression model. As is known, as a binary classification model, 
logistic regression would yield values, which tell how much probability that one instance would 
be a negative as well as a positive. Then, thresholds can be selected for the whole data as a 
boundary of positives and negatives. It is found that the threshold of 0.1 would make the F-
measure highest. Meanwhile, in the testing, we combine training and development data, 
including positive and negative instances with additional negatives from GeneRIF. Due to the 
large number of negative instances in GeneRIF, they are selected by sampling. Run 1 is based on 
the first sampling while run 2 is on the second sampling. The combination of the first run and the 
second run forms run 3. 
 
System Description: Subtask B 
 
Search-based Annotation: Systems B1 & B2 
In this section, we describe two systems that generated the first two runs of Task B. The basic 
idea is that we want to leverage existing GO annotations (GOA) to label new articles. In 
particular, we search for relevant documents (sentences or abstracts or full-text articles) that have 
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existing GOA to the target article, and then score and aggregate these existing GOA to produce 
the GOA for the target article. 
 
System B1 
Figure 1 gives an overview of System B1. We highlight external resources with blue color and 
system modules with grey color. Next, we describe each part in detail. 
 
Resources 
We use the following external resources: 

1. Panther (17), from which we build <GeneID, GOSlimID> pairs. 
2. iProclass (18), from which we obtaine <GOSlimID, GOID, PMID> triplets. 
3. A collection of PMC full-text articles that serve as the source for finding relevant 

documents. 
4. A collection of PubMed abstracts, used as a complementary source retrieving. This is 

because only abstracts are publically available for some MEDLINE articles. 
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Figure 1. Overview of the System 
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Retrieval 
We build indexes for the abstract collection and the full-text collection respectively by using the 
Indri (19) search engine. In particular, we use the Porter stemmer for stemming words in the 
documents. 
 
We choose the query likelihood language model as our retrieval model. This model scores 
documents for queries as a function of the probability that query terms would be sampled 
(independently) from a bag containing all the words in that document. Formally, the scoring 
function is a sum of the logarithms of smoothed probabilities: 

score !,! = log! ! ! = log
!!!!,! + !

!!!!,!
!

! + !

!

!!!
 

where !! is the !th query term, |!| and |!| are the document and collection lengths in words 
respectively, !!!!,! and !!!!,!  are the document and collection term frequencies of !! 
respectively, and ! is the Dirichlet smoothing parameter. The Indri retrieval engine supports this 
model by default.  
 
Query Formulation 
We formulate a query for each detected gene ontology evidence sentence (GOES) from the 
output of subtask A. In particular, we filter stop words in the sentence using a standard stop list. 
We leverage information in <GeneID, GOSLIM, GO> triples to reduce the GO candidate list 
(denoted as C), and then build a PMID candidate list by incorporating information in the <PMID, 
GOA> pairs. The following lists the detailed steps: 
 

1. Given a gene G, we have a list of <G, GOES> pairs. 
2. For each <G, GOES> pair, we find the corresponding <G, GOSlimID> pairs. 
3. For each <G, GOSlimID> pair, we get a list of PMIDs based on <GOSlimID, GOID, 

PMID> triplets. 
4. Combine all PMIDs for G to get a <G, L> pair, where L is the PMID candidate list (a 

reduced searching list) for G. 

We!implement!query!formulation!in!Indri.!
 
Annotation 
The output from the retrieval model for a given <GeneID, GOES> pair is a list of documents 
ranked by their relevance scores. Based on the <GOSlimID, GOID, PMID> triplets, we obtain 
GOIDs for top-ranked ! documents, and then weight each GOID by their corresponding 
document relevance score. We further aggregate scores of each GOID and take the top-ranked ! 
GOID for each GOES. Finally, we combine GOID across all GOES, rank them according to their 
occurrences, and keep GOID which occurr more that ! times. For our submission, we set <!!, 
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!,!! > to <7, 10, 4> by training them on the 150 articles (i.e., the combination of training and 
development sets). 
 

 
System 2 
Figure 2 gives an overview of system 2 which has similar modules to System 1. The major 
difference is that we use the existing GeneRIF (10) as the external resource. In particular, we 
extract <Sentence, GOID> pairs from GeneRIF and build an index for this collection of 
sentences. Therefore, the output from the Retrieval model is a ranked list of sentences, which we 
further convert to a ranked list of GOID based on <Sentence, GOID> pairs. Finally, in the 
Annotation module we do the following: 

1. Starting from an initial list that contains top-ranked ! GOID, select GOID one by one 
down the list until the score difference of current GOID with the topmost GOID is above 
threshold ℎ. 

2. Aggregate GOID frequency across all GOES associated with a particular gene, and rank 
GOID by frequency. 

3. Take the top-ranked ! GOID for each gene. 

Again, based on training results we set <!!, ℎ, ! > to <5, 0.1, 3>. 
 
Similarity-based Annotation: System B3 
We use a greedy string matching algorithm which obtains all words in the sentences that are 
aligned to GO terms and synonyms when ignoring lexical variations. We then compute the 
Jaccard distance between those matched words with GO terms and synonyms. A threshold of 
0.75 was used for GO term assignment. 
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Results and Discussion 
 
Subtask A 
 
1. Feature contributions 
During the development, we test feature contributions with LPU classifications. We find that all 
the features (unigrams, bigrams, gene existence, section, and topic features) lead to performance 
improvement over the baseline. In particular, section feature, as the biggest contributor, improves 
the F1 score by 0.01. Bigram and gene presence features each brings an improvement of 0.008. 
Topic features further adds 0.003 when the number of topics is set to 100.  
 
2. GeneID annotation 
Gene ID annotations are the goal of subtask A. We submitted results with three systems (A1-
A3), which in fact utilize the same approaches. However, system A1 and A2 use different sets of 
negative instances sampled from the external data while system A3 combines the samples from 
system A1 and A2. System A3 achieved the best results when the overlap ratio is 0.0.  However, 
the performances of systems A1 and A3 are almost the identical (a 0.001 difference).   
 
In addition, system A3 has the highest precision while lowest recall, which indicates that more 
negative training instances lead to fewer false positives. Overall, we obtain comparable results 
with systems in previous challenges (20). 
 

Table 1. Official evaluation results for subtask A. 
 

System 
Overlap: 0.0 Overlap: 1.0 
Precision Recall F1 Precision Recall F1 

1 0.503 0.313 0.386 0.352 0.219 0.270 
2 0.442 0.314 0.367 0.310 0.220 0.257 
3 0.524 0.307 0.387 0.366 0.214 0.270 

 
 
Subtask B 
 
Table 2 presents the official evaluation results of subtask B. Our search-based systems (i.e., B1 
and B) outperform the similarity-based systems (i.e., B3) significantly, though the Flat-F1 scores 
for both types of systems are below 0.1. However, System B1 achieves 0.301 for Hierarchical-
F1.  
 
Since the results have not been distributed among all participants, we are not able to compare our 
systems with those from other participating groups at each stage.  
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The performance of system A for subtask A can have a big impact on the performance of 
systems B because the latter uses the output of the former. Therefore, to explore the full potential 
of our search-based methods for subtask B, we need to use a perfect output from subtask A. 
However, due to time constraint we decide to leave this interesting investigation for our future 
work.    
 
                Table 2. Official evaluation results for subtask B. 
 

System 
Flat Hierarchical 
Precision Recall F1 Precision Recall F1 

B1 0.149 0.050 0.075 0.464 0.223 0.301 
B2 0.076 0.073 0.074 0.265 0.199 0.227 
B3 0.039 0.026 0.031 0.312 0.167 0.217 

 
Conclusion and Future Work 
In this BioCreative challenge, we investigated the learning method from positive and unlabeled 
data for detecting sentences with potential gene mentions and then utilize dictionary look-up and 
gene-ontology matching to annotate sentences with Gene-IDs. In addition, we exploited 
information retrieval techniques for finding relevant existing GO annotations and used them for 
assigning GO to new articles.  
 
The results look promising compared with previous challenges. However, there is still much 
room for improvements. In future work, we will explore methods, such as improving the text 
modeling with topic modeling and deep learning, which can detect gene mentions among texts 
more accurately, discover more discriminative features and develop language models for 
searching with more accurate similarity measures. 
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