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Abstract 
PubMed® and other literature databases contain a wealth of 
information on diseases and their diagnosis/treatment in the 
form of scientific publications. In order to take advantage of 
such rich information, several text-mining tools have been 
developed for automatically detecting mentions of disease 
names in the PubMed abstracts. The next important step is 
the normalization of the various disease names to standard-
ized vocabulary entries and medical dictionaries. To this 
end, we present an automatic approach for mapping disease 
names in PubMed abstracts to their corresponding concepts 
in Medical Subject Headings (MeSH®) or Online Mendelian 
Inheritance in Man (OMIM®). For developing our algo-
rithm, we merged disease concept annotations from two ex-
isting corpora. In addition, we hand annotated a separate test 
set of decease concepts for our method evaluation. Different 
from others, we reformulate the disease name normalization 
task as an information retrieval task where input queries are 
disease names and search results are disease concepts. As 
such, our inference method builds on existing Lucene search 
and further improves it by taking into account the string 
similarity of query terms to the disease concept name and its 
recognized synonyms. Evaluation results show that our 
method compares favorably to other state-of-the-art ap-
proaches. In conclusion, we find that our approach is a sim-
ple and effective way for linking disease names to con-
trolled vocabularies and that the merged disease corpus pro-
vides added value for the development of text mining tools 
for named entity recognition from biomedical text. Data is 
available at http://www.ncbi.nlm.nih.gov/CBBresearch/Fell-
ows/Dogan/disease.html  

 Introduction   
Automatic identification of disease names is an important 
named entity recognition task because disease information 
is the highest sought non-bibliographic information type in 
PubMed (Islamaj Dogan et al. 2009) as well as a frequent 
information type on Google trends (Pelat et al. 2009). 
Therefore, automatic recognition of diseases mentioned in 
medical communications and/or biomedical literature is es-
sential not only for improving retrieval of relevant docu-
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ments, but also for extraction of relevant information per-
taining to particular diseases and knowledge discovery. 
Concept identification and named entity recognition are 
hot research topics in natural language processing, and 
much work has been dedicated to identifying biomedical 
concepts such as disease names, gene/protein names, drugs 
and chemical names (Jimeno et al. 2008, Leaman et al. 
2009, Tanabe et al. 2005, Chowdhury and Lavelli 2010, 
Smith et al. 2008).  

In order to build better models that perform concept iden-
tification, considerable effort needs to be dedicated for the 
development of manually annotated high-quality corpora 
(Campos et al. 2012, Thomson et al. 2009). In this regard, 
we recently developed a large and rich disease name cor-
pus containing a set of 793 PubMed abstracts (Islamaj 
Dogan and Lu 2012). When used as gold-standard data for 
a state-of-the-art machine learning system, our corpus was 
able to significantly improve its performance for disease 
name recognition. The objective of that work was not only 
to facilitate information retrieval tasks that involve diseas-
es, but also to facilitate future applications of complex in-
formation retrieval tasks connecting diseases to treatments, 
causes or other types of information. Hence, the next im-
portant step towards that goal is the entity normalization 
task that involves mapping mentions to some standard da-
tabase/ontology identifiers.  

Traditionally, several biomedical entity normalization 
tasks have been explored such as gene/protein normaliza-
tion (Lu et al. 2011, Wei and Kao, 2011, Huang et al. 
2011) and species/organism normalization (Naderi et al. 
2011). However, there have been few attempts in the con-
text of disease name normalization (Neveol et al. 2012) 
perhaps due to the lack of training and evaluation data, 
and/or the fact that “disease” as a category has a very loose 
definition and covers a wide range of concepts. 
    In this study, we present an inference method that aims 
to map disease names in PubMed abstracts to their corre-
sponding concepts in Medical Subject Headings (MeSH®) 
and in Online Mendelian Inheritance in Man (OMIM®). 
More specifically, we propose to address the normalization 
task in the framework of information retrieval where input 
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queries are disease names and search results are disease 
concepts. As such, our inference method builds on existing 
Lucene search and further improves it by taking into ac-
count the string similarity of query terms to the disease 
concept name and its listed synonyms in the controlled vo-
cabulary.  

 Our approach differs from existing NLP methods such 
as Norm1 and MetaMap (Aronson and Lang 2010), both 
freely accessible biomedical natural language processing 
tools, provided by the U.S. National Library of Medicine 
(NLM). Norm is a tool for addressing the problem of name 
variation: it produces a normalized version of an input 
string in lower case, without punctuation or genitive mark-
ers, stop words or symbols. The words of the original 
string are then transformed into their uninflected form and 
sorted in alphabetical order. In Norm, non-ASCII charac-
ters are mapped to ASCII, etc. This particular way of string 
processing is important for medical concepts, as it swiftly 
unifies strings such cancer of the pancreas and pancreatic 
cancer. MetaMap is a tool which processes biomedical text 
and returns all the mappings to UMLS concepts, semantic 
types and more. This intensive, knowledge-based, natural 
language processing and computational linguistic method 
lies at the foundation of the Medical Text Indexer, which is 
used for indexing of biomedical literature at NLM. Note 
that in this work, UMLS CUIs produced from MetaMap, 
were translated into their corresponding MeSH ids for our 
evaluation purposes. 

Methods 

Data Sources and Preparation 
The datasets we used in this study are: the MEDIC disease 
vocabulary, the development set, and the validation set ex-
tracted from the NCBI disease corpus.  
The MEDIC Disease Vocabulary 
The MEDIC disease vocabulary (Davis et al. 2012) is a re-
cent work of the Comparative Toxicogenomics Database 
project. MEDIC is a manually curated dataset that for each 
disease name associates a descriptor from the “Diseases” 
category of the NLM MeSH resource, or a genetic disorder 
identifier from the OMIM database. We are using the 
MEDIC version downloaded on April 17, 2012, which 
listed a set of 9,661 disease names. In addition it contained 
synonyms for 91% of the listed diseases and definition 
strings for 47% of the listed diseases. 
The Development Set 
The development set is produced from three different 
sources: the EBI disease corpus (Jimeno et al. 2008), the 
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AZDC disease corpus (Leaman et al. 2009) and the NCBI 
disease corpus (Islamaj Dogan and Lu 2012). EBI disease 
corpus contains a set of 856 PubMed sentences extracted 
from 642 PubMed abstracts manually annotated for UMLS 
concept identifiers (CUI). This corpus does not identify in-
dividual disease mentions in text; instead it has a list of 
UMLS CUIs corresponding to each sentence. The AZDC 
disease corpus contains a set of 2,783 PubMed sentences 
extracted from 793 PubMed abstracts and is manually an-
notated both for the disease mentions in text and for the 
corresponding UMLS CUIs. The NCBI disease corpus is a 
collection of 793 PubMed abstracts that covers both EBI 
and AZDC disease corpora. The disease name annotations 
are fully re-examined and re-annotated in this corpus ex-
panding the coverage to include all sentences in all the 
listed PubMed abstracts.  
 First, we extracted the set of overlapping sentences in 
both the EBI and AZDC corpora, for which both corpora 
agreed on the UMLS CUI annotations. Next, for each 
UMLS CUI we found its corresponding MeSH identifier. 
This set of PubMed sentences, annotated with the disease 
mentions as specified in the NCBI disease corpus, and as-
sociated with the list of MeSH identifiers as matched for 
the UMLS CUIs annotated in the EBI and AZDC corpora, 
constituted our development set. This collection consists of 
516 sentences, from 414 PubMed abstracts, with a total of 
1,114 disease mentions that range from 1-7 mentions per 
sentence, and a total of 841 MeSH identifiers which range 
from 1-6 identifiers per sentence.  
The Validation Set 
The validation set is a set of 50 sentences extracted from 
the NCBI disease corpus so that 1) they belong to different 
PubMed abstracts than those of the development set; 2) on-
ly one sentence is used per each abstract in order to in-
crease diversity; and 3) there is at least one disease men-
tion in each sentence. Two annotators worked on the vali-
dation set and assigned a MEDIC identifier to each anno-
tated disease mention. The annotators had access to the 
PubMed abstracts the sentences were extracted from, the 
MEDIC disease dictionary as well as MeSH repository and 
UMLS. The annotation process consisted of two phases: 1) 
both annotators worked on 10 sentences (annotator agree-
ment 78.6%) after which they discussed their annotations 
and resolved their differences, and 2) each annotator 
worked on 20 sentences individually. This set of sentences 
was used as the validation set for our inference method.  

Disease Normalization Methods 
We formalize the problem of assigning disease identifiers 
to medical documents mentioning those disease names 
with the following abstract representation:  

Let D represent a set of document terms, and V represent 
a set of controlled vocabulary terms. We search for a map-
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ping  from the set of document terms D to the set of 
controlled vocabulary terms V so that, if , and 

, then for each , where , we identify a 
mapping , where , and the number of val-
ues  associated with  is variable for each . 

Controlled disease vocabularies usually have a format 
similar to the following: A vocabulary term , where  is 
often referred to as the preferred name, a unique ID, a list 
of synonyms and a possible definition string describing the 
vocabulary term. Medical text documents on the other 
hand, such as PubMed abstracts, contain a number of dis-
eases mentioned in the text, which may also be abbreviat-
ed. As such, assuming that we know the list of disease 
mentions in text, in order to assign appropriate disease 
concept identifiers, we developed the following integrated 
method:  

First, we built a Lucene search engine (http://luc-
ene.apache.org) to search each disease mention against a 
disease vocabulary database. Next, we systematically re-
ordered the search results, and inferred the correct disease 
ID for each disease mention. For abbreviated disease 
names, we resolved all abbreviated forms of disease men-
tions into their long form definitions, and used those to in-
fer the concept identifiers. Detailed steps are described be-
low: 
Lucene Search  
A Lucene search was setup to identify top-1 and top-5 
MEDIC identifiers for each unique disease mention in the 
NCBI disease corpus. The setup specified the search of the 
disease query using the preferred name, synonyms list, as 
well as the definition string fields in the MEDIC database. 
The Lucene score and the corresponding MEDIC identifier 
were recorded for each search result. MEDIC identifiers 
can be OMIM identifiers, MeSH identifiers, or both. In or-
der to have a valid comparison, only the MeSH identifiers 
were considered for the purposes of evaluation when using 
the development set.  
Abbreviation resolution 
In PubMed abstracts and all other biomedical literature, 
abbreviations are a preferred way of referring to disease 
names.  In fact, our previous study on PubMed query logs 
(Islamaj Dogan et al. 2009) specifically identified that 
people search for disease names using their abbreviations. 
However, an abbreviated text string does not correspond to 
the same unique text string in the biomedical literature. For 
example: the short form HD may stand for: Huntington’s 
disease, Hansen’s disease, hip dysplasia, or Hodgkin’s dis-
ease. In order to resolve abbreviations to their correct dis-
ease concept we followed this process: First, we employed 
the abbreviation-definition identifier (Yeganova et al. 
2011) on all abstracts in the NCBI disease corpus to extract 
long form–short form (LF–SF) pairs. This program has 
been shown to be highly accurate on biomedical literature 

text. Second, we resolve each disease mention (in the de-
velopment set and in the validation set) that contains an 
abbreviated form to its complete disease name according to 
the following two rules:  

1. Replace trivial abbreviations (SF) with their com-
plete long form (LF). 

A trivial abbreviation is defined as: a disease mention, 
m, annotated in one of the abstracts of the disease cor-
pus, for which there exists an abbreviation definition, m 
≡ LF, within the same PubMed abstract, not necessarily 
within the same sentence, in which m is the short form. 
2. Resolve non-trivial abbreviations 
A non-trivial abbreviation is defined as: m1, a token in 
disease mention m, annotated in one of the abstracts of 
the disease corpus, for which there exists an abbrevia-
tion definition, m1 ≡ LF,  within the same PubMed ab-
stract, not necessarily within the same sentence, in 
which m1 is the short form. 

Rule-based Inference method 
Our rule-based inference method works as described in 
Figure 1. If a disease name query has produced any Lucene 
results, the following procedural checks need to be per-
formed:  

1. Check whether disease name matched the MEDIC 
result preferred name, 

2. Check whether disease name matched any of the 
MEDIC result synonym names, if any, 

3. Check the Lucene search score 
4. Check for any string similarity between disease 

name and the MEDIC result preferred name, 
5. Check for any string similarity between disease 

name and any of the MEDIC result synonym names. 
String matching 
Although string matching and string similarity are fairly 
common in natural language processing, here we describe 
how we perform these tasks in our rule-based inference: 

 

Figure 1 Illustration of the rule-based inference method 
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1. String matching 
We consider two given textual string candidates  and 

 to match  if, after lower-casing, non-
alphanumeric character removal and alphabetical word-
sorting, both candidates produce the same textual string.  
2. String similarity 
We consider two given textual string candidates  and 

 to be similar  if they produce a score of at 
least 0.8 in a scale from 0 to 1 where 0 means that the 
strings are entirely different and a 1 means that the 
strings are identical. The algorithm used is an approxi-
mate string matching algorithm which roughly works by 
looking at the smallest number of edits to change one 
string into the other (Myers, 1986).  

 Finally, after the rule-based inference has been applied 
and the normalization process has been performed for the 
whole document, each disease mention is re-examined to 
determine whether it is an abbreviated form. In these cases, 
the long form definitions of the abbreviated mentions are 
used to infer the normalization concepts for abbreviated 
mentions.  
Comparison with other methods 
In this work we explored several statistical and natural lan-
guage processing methods for disease name normalization. 
Here we describe MEDIC dictionary string matching with 
Specialist lexicon tools, as well as MetaMap processing:  

1. Specialist Lexicon string matching 
We used Norm to compile a Norm-version of a disease 
name dictionary that comprised of all entries in the MED-
IC dictionary, their synonyms and their corresponding 
identifiers. The same process was applied to the disease 
mentions in the development and validation sets. The re-
sults of this string matching evaluation are reported as 
Norm in the results section.  

2. MetaMap Processing  
In this work, disease mentions were mapped through the 
MetaMap search engine to corresponding UMLS CUIs. 
Next, each UMLS CUI was separately mapped to a MeSH 
identifier, and this set of MeSH identifiers obtained for the 
development and validation dataset was evaluated against 
the manual annotations. These results are reported as 
MetaMap results. 

Experimental Design and Evaluation 
A standard way of measuring the success of an algorithmic 
method is to evaluate its performance on a collection of 
documents which have been labeled beforehand. In our 
case, we used the development set to refine the inference 
rules, and the validation set to measure the performance. 
The inference method is applied to each disease annotated 
mention in text to produce a list of database concept identi-
fiers from the MEDIC vocabulary, thus creating an auto-
matic mapping. Then the produced mapping was compared 

to the gold-standard mapping for both development and 
validation sets.  
 We evaluated performance using Precision, Recall and 
F-measure for the produced mappings , for each 
sentence, and then report the average values over all the 
sentences in the development set, and the validation set. 
There is a difference in the evaluation results of the valida-
tion set compared to those of the developing dataset. The 
set of gold-standard mappings for the development set was 
only drawn from MeSH identifiers. As a result, in the event 
that the inference method produced an OMIM identifier 
(MEDIC dictionary contains both MeSH and OMIM iden-
tifiers), that result was considered a miss during evaluation 
on the developing set. However, the set of gold-standard 
mappings for the validation set was produced using MED-
IC dictionary as a resource. As such, the whole output of 
the inference method was considered when evaluating the 
performance of the inference method on the validation set.   

Results 
Table 1 shows Lucene search results for the top-1 and top-
5 results, which established a recall upper bound (89%) on 
the performance of our inference method. Table 2 summa-
rizes the inference method results on different development 
stages. It was during these stages that we refined the rule-
based inference method. Our final result marks a recall of 
81% with a precision of 76% and an F-measure of 78% on 
the development set. 

Table 3 compares the result of the inference method with 
two other competing methods, Norm and MetaMap. As 
shown, our inference method achieves higher recall, and a 
statistically significant improvement on F-measure.   

Finally, when the inference method is applied on the val-
idation set, we achieve an F-measure of 79%, averaging 
the results on the sentence level. This result is similar to 
what was obtained for the development set, and suggests 
that our inference rules are robust on unseen data. It is also 
interesting to note that even though the development of the 
inference method was restricted to only MeSH identifiers, 
the method itself is portable and applicable to other da-
tasets and other dictionary resources. It is a quick and ef-
fective way of normalizing disease names in biomedical 
text.  

Conclusions 
In this paper, we address the problem of disease name 
normalization, and we present a solution that links any dis-
ease mention annotated in a given PubMed abstract, to a 
standardized medical vocabulary entry, such as MeSH and 
OMIM. We used Lucene search engine to identify top-5 
results when querying each PubMed disease mention 
against disease concepts in MEDIC. Then, we use infer-
ence to assign the most appropriate MeSH identifiers to the 
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PubMed disease mention, by effectively re-ranking and 
eliminating non-relevant Lucene choices. We solve the 
problem of mapping abbreviated disease mentions to their 
correct identifiers, by, first, making use of the whole Pub-
Med abstract to identify the abbreviated disease mentions 
and their long form definition. Next, correct mappings for 
abbreviated disease mentions are inferred from the high-
confidence mappings of their long form definitions. Final-
ly, our evaluation results showed that this method provides 
MeSH identifiers matching those of manually annotated 
data, and furthermore, the error analysis revealed that the 
produced results are not unexpected and unrelated.   
 In addition, we produced a development and a validation 
set of selected PubMed sentences with annotated disease 
mentions and high-quality mappings to MeSH and OMIM 
identifiers2, suitable for developing and refining other dis-
ease concept normalization methods.   

Our future work includes detailed error analysis and cre-
ation and release of a manually curated large scale gold-
standard dataset that links PubMed disease mentions to 
MeSH and OMIM identifiers. We are also applying ma-
chine learning in matching disease mentions with their 
standardized medical vocabulary counterpart, in order to 
improve precision.  

                                                 
2 Data is available at http://www.ncbi.nlm.nih.gov/CBBresearch/Fellows/ 
Dogan/disease.html 
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