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Abstract. 

The rapidly increasing number of available PubMed documents calls the need for 

an automatic approach in the identification and normalization of disease 

mentions in order to increase the precision and effectivity of information 

retrieval. We herein describe our team’s participation for the Disease Named 

Entity Recognition and Normalization subtask under the chemical-disease 

relations track of the BioCreative V shared task. We developed a CRF-based 

model using BIESO tagging format to allow automated recognition of disease 

entities in PubMed abstracts. Recognized disease entities were normalized to 

MeSH concepts using a dictionary look-up method based on Lucene. 

Performance is reported using precision, recall and F-measure on three separate 

runs. Our best run achieved F-measure of 80.74% on disease mention recognition 

and 67.85 % on disease normalization. 

Keywords: Disease normalization; Disease recognition; Dictionary lookup; 

CRF; Disorder identification; Information extraction 

1 Introduction 

The importance of recognizing disease mentions and normalizing these to a 

standardized vocabulary is increasing with the yearly increase of published biomedical 

literature [1]. Keywords relating to diseases are the second most common user search 

query in PubMed, one of the most popularly used biomedical literature database [2]. 

Due to the doubling increase of biomedical literature available, researchers are now 
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faced with the challenge of identifying relevant biomedical documents that would 

address their needs [3, 4]. Medical subject headings (MeSH) was developed by the 

National Library of Medicine (NLM) to speed up and increase the precision of 

information retrieval [5].  Where possible, documents in PubMed are indexed with 

relevant disease specific keywords using MeSH terminology2. Manually assigning 

disease specific MeSH terms to documents is a labor- and time-intensive process which 

would require monetary investment as well. Information extraction, text mining and 

information retrieval techniques can be employed on biomedical literature to assist in 

overcoming these challenges. Thus, automatic identification and normalization of 

disease mentions has become a crucial step in biomedical information extraction. It has 

various applications such as document indexing, document triage, biocuration, drug 

discovery, and drug safety surveillance [6].  Bringing an automated approach to this 

task has been the goal of previous studies but still calls for further improvements [7, 8].  

The BioCreative3 and BioNLP4 shared tasks provide a unique opportunity for 

researchers in the biomedical text mining field to develop novel tools and methods to 

support this. The chemical-disease relations (CDR) track of the 2015 BioCreative V 

include two sub-tasks (i) Disease Named Entity Recognition and Normalization 

(DNER) and (ii) Chemical-induced diseases relation extraction (CID) [15]. As part of 

DNER sub-task, participants were provided with PubMed abstracts and was requested 

to return disease mentions normalized specifically to MeSH concepts. In this paper, we 

present our participation in CDR track. We present methods to automatically recognize 

disease mentions from PubMed abstracts using Conditional Random Fields (CRF) 

followed by normalization to MeSH concepts using Lucene5 based dictionary look-up. 

2 Methods 

2.1 Dataset and Baseline System 

The BioCreative V CDR Track organizers have provided participants with 

development and training sets to develop DNER systems. The development and 

training sets included 500 PubMed abstracts each from articles in the Comparative 

Toxicogenomics Database (CTD) [9]. Table 1 illustrates the distribution and 

characteristics of both training and development sets. The abstracts were manually 

annotated using PubTator tool [10]. Annotators used MeSH 2015 version to assign 

diseases with MeSH concepts [16]. The abstracts were processed following the basic 

workflow illustrated in Figure 1.  

The organizers implemented a baseline system for benchmarking purposes. The 

baseline system used dictionary look-up method using CTD disease terms.   

2 https://www.nlm.nih.gov/mesh/ 
3 http://www.biocreative.org/ 
4 http://www.bionlp-st.org/ 
5 https://lucene.apache.org/core/ 
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Training Set Development Set 

No. of documents 500 500 

No. of disease mentions 4595 4601 

No. of unique disease 

mentions  

1464 1311 

No. of unique MeSH 

concepts  

665 605 

No. of disease mentions 

without MeSH concepts 

(MeSH ID = -1) 

32 16 

Table 1. Overview of the BioCreative 4 CDR Track dataset 

Fig. 1. High level components of the developed system 

2.2 Disease mentions recognition 

We developed a CRF-based model using BIESO tagging format to recognize disease 

entities in PubMed abstracts [11]. Abstracts were tokenized using Stanford’s 

PTBTokenizer6. We used Stanford’s CRF-NER package7 to train our model. Training 

and development sets were merged together to extract over 50 different features and 

train the model to recognize disease mentions in a held out test set.  The features were 

extracted by mainly using Stanford CoreNLP8 and OpenNLP9 packages. UMLS 

Metathesaurus was used to extract semantic features such as semantic groups and types. 

6 http://nlp.stanford.edu/software/tokenizer.shtml 
7 http://nlp.stanford.edu/software/CRF-NER.shtml 
8 http://nlp.stanford.edu/software/corenlp.shtml 
9 https://opennlp.apache.org/index.html 
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2.3 Disease normalization 

CTD Medic disease vocabulary was used to map recognized disease mentions to 

MeSH concepts [12]. The CTD Medic disease vocabulary includes both MeSH and 

OMIM terminologies. However, for this study OMIM concepts have been excluded. 

Lucene was used for a dictionary look-up and for indexing MeSH disease concepts. A 

custom lexicon of abbreviations was developed from the training and development sets. 

If our CRF classifier identified any abbreviations from this lexicon, the abbreviations 

were then mapped to MeSH concepts in the custom lexicon. We have also generated 

lexical variants for the recognized disease entities. Initially, the dictionary look-up is 

configured to identify exact matches. In cases where no exact matches were found, the 

dictionary look-up tried to map partial matches to MeSH concepts using three different 

techniques. We have submitted these three different techniques as three different runs. 

Run1 uses cosine similarity where the lexical variant and concept pair with the highest 

cosine similarity score was selected. Run2 uses Lucene’s phrase match and Run 3 uses 

Lucene’s phrase and term match. In cases where there is more than one match in either 

run 2 or run 3, we considered the number of potential MeSH concepts retrieved and 

weights to choose the best candidate. In situations where the dictionary look-up failed 

to find a disease concept then ‘-1’ was assigned automatically as a MeSH ID.  

3 Results and Discussion 

Abstracts from both the development and test set were processed using the system 

developed based on the CRF model [11]. The test set was not directly provided to the 

participants. Instead, the organizers requested the participants to provide access to the 

developed systems through web services. The organizers then processed the test set 

through the systems provided by the participants and supplied the participants with 

results. The breakdown of true positives (TP), false positives (FP) and false negatives 

(FN) were also provided and was calculated as shown in Figure 2. 

𝑃 = 𝑇𝑃 ÷ (𝑇𝑃 + 𝐹𝑃) 
𝑅 = 𝑇𝑃 ÷ (𝑇𝑃 + 𝐹𝑁) 

𝐹 = (2 × 𝑃 × 𝑅) ÷ (𝑃 + 𝑅) 

Fig. 2. Standard metrics used for performance analysis. P – Precision, R – Recall and F – F-

measure. 

The baseline system implemented by organizers achieved 42.71% of P, 67.46% of 

R and 52.30% of F. Our system’s best performing run is run 3. Run 3 achieved 66.73% 

of P, 69.01 % of R and 67.85 % of F. Table 2 illustrates the official results achieved for 

individual runs. Based on official results, our system ranked 9 and 12 out of 16 

participating teams for disease named entity recognition (NER) and normalization, 

respectively. Additionally, our system’s best performing run ranked 11 out of 40 runs 

from all the participating teams based on the average response time (msec). The system 
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had higher performance for DNER than DNorm based of the overall weighted average 

mean. The disease mention recognition achieved a higher precision compared to its 

recall. On the other hand, disease normalization achieved a higher recall than precision. 

Due to lack of gold standard annotations, we are not able to discuss the system’s 

performance on the test set in detail.  However, during our system development stage, 

we noticed several issues with abbreviations. For example, our CRF based classifier 

repeatedly identified ‘APC‘ (adenomatous polyposis coli) as a disease entity. This 

resulted to our dictionary look-up techniques assigning wrong concept codes. These 

kind of issues can be handled by employing dismbiguation techniques [7, 13]. The 

current dictionary look-up heavily relies on the common terms in indentified diseases 

mentions and MeSH concepts. Sophisticated machine learning techniques like learning 

to rank approaches should be employed to identify semantically related terms [7, 14].  

Run 

Average 

response time 

(msec) 

Normalization (Concept-

level) 
NER (Mention-level) 

P R F P R F 

1 2,602.3 64.08 67.76 65.87 84.58 77.24 80.74 

2 1,069.0 66.43 66.40 66.42 84.58 77.10 80.67 

3 1,552.4 66.73 69.01 67.85 84.58 77.24 80.74 

Table 2. BioCreative V CDR Track official results 

4 Conclusion 

We developed a CRF-based model using the BIESO tagging format that successfully 

recognized disease entities in PubMed abstracts. The recognized disease entity were 

normalized to MeSH concepts. Overall, our system performed better compared to the 

baseline system. However, further improvements must be made to increase the system’s 

performance, especially develop more effective methods to handle abbreviations and 

disambiguation. The generation of lexical variants assisted in normalizing entities to 

MeSH concepts. However, they also resulted in many false positives. In future, we 

would like to perform detailed error analysis on the test set to devise better methods. 

We also would like to train our CRF classifier by combining multiple corpuses.  
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