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Abstract 
This paper presents our work in BioCreative IV Gene Ontology (GO) Annotation Task. For the 
evidence sentence extraction subtask, we built a binary classifier to indentify evidence sentences 
using reference distance estimator (RDE), a recently proposed semi-supervised learning method 
that learns new features from around 10 million unlabeled sentences, achieving an F-score of 
19.3% in exact match and 32.5% in relaxed match. In both development and test sets, RDE 
achieved much better F-score and AUC than SVM and Logistic regression. For the GO term 
prediction subtask, we developed an information retrieval (IR) based method to retrieve the GO 
term most relevant to each evidence sentence using a ranking function that combined cosine 
similarity and the frequency of GO terms in documents, and a filtering method based on high-
level GO classes. The best performance of our submitted runs was 7.8% F-score and 22.2% 
hierarchy F-score. In the post-submission evaluation, we obtained a 10.6% F-score using a 
slightly different configuration. We found that the incorporation of frequency information and 
hierarchy filtering substantially improved the performance against classical language model 
based method. In addition, the experimental analysis showed our approaches were robust in both 
the two tasks.  
 
Subtask A – Retrieving GO evidence sentences for relevant genes 
 
Method 
 

Table 1. Corpus statistics of the binary classification task. 
 

 Training data Development data 
# of positive instances 965 665 
# of negative instances 4255 2400 
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Our method includes the following steps: 1) the sentences that contain the gene names in the 
given list were identified by dictionary match. 2) The “gene sentences” was determined to be 
evidence or not by a classifier trained with annotated sentences, where each sentence with the 
overlap with the gold standard passages was considered as a positive instance (Table 1). 3) Each 
evidence sentence together with each gene ID that appears in the sentence was submitted as a 
positive prediction. The first and third steps are all straightforward methods for gene name 
normalization and linking genes to the relevant evidence sentence, since our focus is the second 
step, a binary classification task for distinguishing evidence and non-evidence sentence (Table 1). 
We found the task itself was difficult for the following reasons: 1) the sentences were not fully 
labeled, that is, in the annotation guideline there was no clear definition of a true negative 
example, so that noise would be introduced into both training and evaluation. 2) There is data 
sparseness problem in the classical bag-of-words representation, since a sentence contains not 
many words and a lot of them are low-frequency. 
 
For the first problem, our approach of sampling the sentences that contain gene names is able to 
remove noisy instances to some extent, since intuitively annotators tend to check each sentence 
that describes the focus genes. For the second problem, we applied a semi-supervised learning 
method based on reference distance estimator (RDE) [1][2] to learn an enriched representation of 
bag-of-words features from a large number of unlabeled data. RDE is a simple linear classifier in 
the form of 
 

!(!!, !) = (! ! ! − !(!))!!"!                                            (1) 
 
where !! is the ith example represented by a Boolean vector of !!", j is the index of feature, 
and r is called a reference feature. The probability of ! ! ! − !(!) can be directly estimated 
from unlabeled data, as long as r is not the gold standard label. In the work [1], we showed in 
theory that if r is discriminative to the class label and highly independent with other features, the 
performance of RDE tends to be close to a classifier trained with infinite labeled data. The 
experiment on text classification tasks showed that combining multiple RDEs from different 
reference features using only 5000 labeled examples performed as well as a Naïve Bayes 
classifier trained with 13 million labeled examples in many tasks. Therefore, the application of 
RDE to the GO sentence classification can be straightforward, since it is also a text classification 
task.  
 
In our submitted runs, features were bag-of-words in the sentence and the paragraph, where 
words from sentence and paragraph were distinguished with different tags. The classifier was 
Algorithm 2.2 presented in the paper [1], a Logistic regression with features generated from 
multiple RDEs. We selected 110 reference features for semi-supervised RDE based on the 
labeled (training and development sets) and unlabeled data. The other parameters [1] were tuned 
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to optimize the performance on development data. The unlabeled data included around 10 
million sentences in a subset of full text articles from the journal Science, Nature, PNAS, PLOS 
Genetics, Genome Research, RNA, and NAR. These full texts were downloaded under the 
license of the library of University of Massachusetts Medical School. Since we only sampled the 
“gene sentences”, for the unlabeled data we also used a gene mention recognizer [3] to get the 10 
million sentences that contain gene names. Different classification thresholds were used in 
different submitted runs: Run 1 (threshold = 0.16), Run 2 (threshold = 0.18), and Run 3 
(threshold = 0.14).  
 
Result 
 
Table 2. Comparison of different methods on test set of Subtask A. “NER, no classifier” is the method 
that uses all the gene sentences as evidence sentences. SuRDE and SeRDE are the supervised and semi-
supervised RDEs defined in [1] 
 
 Precision 

(Exact) 
Recall 
(Exact) 

F1 
(Exact) 

Precision 
(Relaxed) 

Recall 
(Relaxed) 

F1 
(Relaxed) 

NER, no classifier 
(baseline) 

9% 39% 14.7% 15.2% 65.5% 24.6% 

SVM 11.1% 36.3% 17% 18.4% 60.3% 28.2% 
Logistic 11.8% 33% 17.4% 19.4% 54.3% 28.6% 
SuRDE 12.8% 32.6% 18.4% 20.4% 51.9% 29.3% 
SeRDE (Run 1) 14.6% 28.6% 19.3% 23.9% 46.9% 31.7% 
SeRDE (Run 2) 15.3% 25.9% 19.3% 

(+31.3%) 
25.8% 43.7% 32.5% 

(+32.1%) 
SeRDE (Run 3) 14% 31.1% 19.3% 22.6% 50.3% 31.2% 
 
Table 2 shows the performance of different methods on the test set. The baseline is a simple rule-
based method that treated all the gene sentences as evidence sentences, achieving the highest 
recall but lowest precision. Using different classifiers trained on the annotated corpus, the 
precision together with F1 improves while recall decreases. Semi-supervised RDE with the 
threshold 0.18 (Run 2) achieves the best performance in both exact F1 of 19.3% and relaxed F1 
of 32.5%, and all the runs based on RDE achieve better F1 than SVM [4] and Logistic regression 
[5]. The classification thresholds of all the classifiers were tuned based on the performance on 
the development set, so at this level the comparison was fair. Compared with the performance on 
the development set in Table 3, we can see there is big improvement on the test set for 
supervised classifiers in both F1 measures, in particular for SVM and Logistic regression, while 
Semi-supervised RDE shows much more robust performance on the two different sets. Note that 
the task for training is binary sentence classification, while the evaluation takes into account 
many other factors such as gene normalization and gene-sentence linking, so the performance on 
test set cannot directly reflect the difference of machine learning methods. From the binary 
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classification task in Table 3 it is more clear to see the improvement of RDE against the other 
machine learning approaches, which is interestingly similar to the observation in the previous 
work [1].  
 
Table 3. Comparison of different methods on development set of Subtask A. F1 (Exact) and F1 (Relaxed) 
are the official evaluation measures. The F1 (Binary) and AUC (Binary) are the performance on the 
binary sentence classification task defined in “Method” section and Table 1.  
 
 F1 (Exact) F1 (Relaxed) F1 (Binary) AUC (Binary) 
NER, no classifier 14.6% 22.8% - - 
SVM (baseline) 14.9% 23.4% 38.4% 62% 
Logistic  15.4% 23.7% 36% 61% 
SuRDE  17.9% 27.4% 45.2% 71% 
SeRDE  19.7% (+32.2%) 30.4% (+29.9%) 51.6% (+34.4%) 77.3% (+24.7%) 
 
 
Subtask B – Predicting GO terms for relevant genes 
 
Method 
Our approach was an information retrieval (IR) based framework with multiple strategies for 
filtering.  In the method, each positive sentence in Subtask A was treated as a query, and the GO 
term most relevant to the sentence was returned as the candidate prediction. In the experiment, 
we find the frequency of GO terms has a big impact on the performance of ranking, since the 
occurrence of GO term in documents follows a power law distribution, that is, a small fraction of 
GO terms appear in a lot of documents, and most GO terms appear rarely. Therefore, if we give 
higher weight to the important GO terms (high-frequency terms), the F-score tend to be much 
better, just similar to the idea of page rank algorithm in Web search, which prefers the important 
pages linked by a lot of other pages. Our ranking function is: 
 

!"#$%&(!"#$"#%",!"!!"#$) !=
#!"!!"##"$!!"#$%!!"!!"#$"#%"!!"#!!"!!"#$
#!"!!"!"#!!"!!"#$"#%" #!"!!"#$%!!"!!"!!"#$ log!(!"#$%(!"!!"#$)) (2) 

 
where the first part is the cosine similarity of the sentence and GO term, and !"#$%(!"!!"#$) is 
the number of documents related to the GO term in the Gene Ontology Annotation (GOA) 
databases (http://www.geneontology.org/GO.downloads.annotations.shtml). In the GORank 
function, both lexical similarity and frequency of GO terms are considered. In the experiment, all 
the words were lowercased.  
 
In order to make use of the information in the annotated sentences to improve the performance, 
after the ranking, we built a classifier for 12 high-level GO classes trained on labeled sentences 
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to prune the result. Since there are around 40,000 GO terms in the GO database and only around 
500 terms in the training data, it is difficult to build a classifier for the whole vocabulary of GO 
terms, but it is much easier to build a classifier for high-level GO terms, since the vocabulary 
becomes much smaller when moving to the root of the Ontology concept tree. According to the 
database (http://archive.geneontology.org/latest-termdb/go_daily-termdb.rdf-xml.gz), there are 3 
GO terms (i.e., Cellular component, Biological process and Molecular function) in the first level, 
and 60 terms in the second level, of which 11 most frequent terms in training data were used to 
build 12 binary classifiers (one for ‘other’ class) to determine whether each sentence is related to 
each GO term. Here supervised RDE was used, since we did not have time to test the semi-
supervised method before submission. We define a filtering threshold t as the number of t most 
relevant high-level GO classes to the sentence determined by the classifiers. If the highest ranked 
GO term by GORank is in the t classes, it will be selected as a positive result. Three submitted 
runs used the following different parameters:  

• Run 1: use GO terms with the count over 2000 in the GOA database for ranking. The 
classification threshold for Sbutask A was 0. The filtering threshold was 6. 

• Run 2: use GO terms with the count over 500 in the GOA database for ranking. The classification 
threshold for Sbutask A was 0. The filtering threshold was 8.  

• Run 3: use GO terms with the count over 2000 in the GOA database for ranking. The 
classification threshold for Sbutask A was 0.16. The filtering threshold was 2.  

Table 4. Performance of different methods on the test set of Subtask B. “Indri” is a language model based 
method [6]. “Definition” means appending the definition of GO terms to expand the text representation. 
“Cosine” is the similarity function in the first part of Formula (2). Frequency” is to limit GO vocabulary 
to the high-frequency GO terms. “Hierarchy” is the high-level GO class based filtering.  
 
Method Precision 

(Exact) 
Recall 
(Exact) 

F1 
(Exact) 

Precision 
(Hierarchy) 

Recall 
(Hierarchy) 

F1 
(Hierarchy) 

Indri (baseline) 1% 3% 1.5% 9.9% 33.1% 15.2% 
Indri + Definition 0.8% 3% 1.3% 8.5% 34.7% 13.7% 
Cosine 2.4% 7.6% 3.6% 7.2% 40.6% 12.2% 
GORank 5.9% 14.3% 8.4% 13.5% 31.8% 19% 
GORank + Hierarchy  10.6% 10.6% 10.6% 

(+606.7%) 
21.6% 21.2% 21.4% 

Cosine + Frequency 4.6% 9.8% 6.2% 15.1% 28.4% 19.7% 
GORank + Frequency 5.5% 10.7% 7.3% 17.4% 27.5% 21.3% 
GORank + Frequency 
+ Hierarchy (Run 3) 

9.5% 6.7% 7.8%  27.8% 16.1% 20.4% 

GORank + Frequency 
+ Hierarchy (Run 1) 

5.2% 11.2% 7.1% 17% 32% 22.2% 
(+46%) 

GORank + Frequency 
+ Hierarchy (Run 2) 

4.9% 14.3% 7.3 12.7% 36.8% 18.8% 
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Result 
Table 4 and Table 5 show the performance of various methods on the test and development data 
in Subtask B. As can be seen, cosine similarity performs much better than Indri [6], a classical 
language model based method, on exact performance but inferior on hierarchy performance. The 
incorporation of definition for GO term representation decreases almost all the performance. 
GORank outperforms both cosine similarity and Indri on most of the performance measures. 
Methods that incorporate the frequency of GO terms (i.e., frequency based filtering and GORank) 
achieve significant improvement. Run 3 achieves the best performance on exact precision and F-
score on the test set. Hierarchy filtering improves the precision and F-score in both development 
data and test data. The simple method that uses GORank and hierarchy filtering achieves the best 
overall performance on test set, but not the best on development set, so this run was not 
submitted for the official evaluation.  
 
Table 5. Performance of different methods on the development set of Subtask B 
 

Method F1 
(Exact) 

F1 
(Hierarchy) 

Indri (baseline) 1.3% 11.8% 
GORank 5.9% 17.3%(46.6%) 
GORank + Hierarchy 6.6% 16% 
GORank + Frequency + Hierarchy (Run 3) 5.9% 12.7% 
GORank + Frequency + Hierarchy (Run 1) 6.9% 16.3% 
GORank + Frequency + Hierarchy (Run 2) 6.9% (430.8%) 16.4%  

 
 
Conclusion 
We present the application of RDE based semi-supervised learning to the first subtask, and 
GORank with RDE based filtering for the second subtask. Our novel methods lead to big 
improvement on F-score and robustness against the classical text classification and information 
retrieval methods on the two subtasks. Nevertheless, the absolute performances of two tasks are 
still very low, which indicates big potential space for further study. In the future, for subtask A, 
we will consider using RDE with more powerful representation method, such as features from n-
grams and figures concerned with the evidence experiments. For the subtask B, we think 
exploiting and integrating the existing annotation information in database, and the labeled 
sentences in BioCreative are the promising ways to make further progress.   
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