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v

The genomic era of biomedicine has been defined by unprecedented growth of data 
 sampling capacity and increasing publication rates discussing it. While such technical 
advances have heralded a period of intensive scientific discovery, the associated deluge of 
biomedical literature has reached a volume exceeding the capacity of any researcher to pro-
cess and assume, critically limiting the ability to realize the full benefit of these findings.

The need to rapidly survey the published literature, synthesize, and discover the embed-
ded knowledge without compromising the integrity of published data is critical if researchers 
are to conduct “informed” work, avoid repetition, and generate new hypotheses. It is there-
fore unsurprising that within the scientific community a great deal of interest and effort is 
focused on the development of techniques that can identify, extract, and exploit this knowl-
edge in a meaningful manner. To do so in an efficient way requires methods that can reduce 
complexity without compromising the integrity of published data. Consequently, over the 
last two decades one has seen a surge of publications related to biomedical text mining with 
the primary intent of aiding scientific researchers cope with the information overload.

This volume of Methods in Molecular Biology discusses the multiple facets of modern 
biomedical literature mining and its many applications in genomics and systems biology. 
The volume has been designed as a useful bioinformatics resource in biomedical literature 
text mining for both those long experienced in and entirely new to the field. As such, this 
book serves two purposes: (a) to provide a timely and comprehensive overview of the cur-
rent status of this field, including a survey of present challenges; (b) to empower researchers 
to decide how and when to integrate text-mining tools to facilitate their own research. 
It comprises 15 chapters including an introductory chapter giving the fundamental 
 definitions and some important research challenges. The 15 chapters are organized in 
three sections encompassing information retrieval, integrated text-mining approaches, and 
domain-specific mining methods.

Saffer and Burnett introduce the volume by providing a current perspective on the role of 
text mining in biomedical research and health care. While addressing the importance of text 
mining in drug discovery the authors also outline the continuing challenges relating to improved 
search methodologies, discovering hidden information, and improved rate of discovery.

The first section of the book reviews information retrieval methods:

 ● Khare et al. describe the current state of practice of biomedical literature access and 
state-of-the-art information retrieval systems in areas related to text and data mining, 
text similarity search, and semantic search. The authors discuss emerging trends in 
improving biomedical literature access using portable devices and the adoption of open 
access policy systems.

 ● One of the first steps towards making full use of the information encoded in biomedical 
text is the task of recognizing  biological terms, such as gene and protein names. Bada 
provides a detailed survey of the various lexical terminological resources currently avail-
able and how best to utilize them to improve entity recognition tasks in biomedical 
text-mining applications.

Preface
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 ● Generating useful Pharmacokinetics (PK), Pharmacodynamics (PD) models to under-
stand Drug-Drug Interaction (DDI) is a critical step during drug development process. 
However, an appropriate PK ontology and a well-annotated PK corpus which provide 
the background knowledge for determining DDI have been lacking. To overcome this 
information gap, Wu et al. developed comprehensive pharmacokinetics ontology capa-
ble of encompassing in vitro and in vivo pharmacokinetics studies.

 ● Once biological entities have been identified within the text fragments, the next step 
consists of identifying the potential relationships among them. Pavlopoulos et al. describe 
how relationships between bioentities are detected by co-occurrence analysis of single 
sentences and/or entire abstracts.

The second section outlines how, through the integration of text-mining efforts, hidden 
or implicit functional information leading to new biological hypotheses generation can be 
discovered. Key examples are described.

 ● Verspoor describes how the application of novel biomedical text-mining strategies is 
being utilized for novel protein function prediction, a problem at the forefront of 
 modern biology.

 ● The advent of high-throughput “omics” approaches to generate data has outstripped 
the ability to interpret and assign biological relevance. Heinzel et al. outline a method 
for interlinking omic data and biomedical literature towards identifying markers as 
representatives for a specific disease-relevant pathophysiological (mechanistic) process.

 ● Czarnecki and Shepherd present a practical guideline for constructing a text-mining 
pipeline from existing code and software components capable of extracting protein–
protein interaction networks from full text articles. Their approach demonstrates how 
literature mining can be used to identify functionally coherent gene groups to facilitate 
the reconstruction of protein interaction networks in the formulation of novel biologi-
cal processes.

 ● The combination of scientific knowledge and experience is the key success for biomedi-
cal research. Jonnalagadda et al. outline some of the strategies used to identify key 
scientific opinion leaders in order to support increased collaborative biomedical 
research.

 ● Petric et al. demonstrate the use of creative literature-mining methods to advance valu-
able new discoveries from existing literature and provide application examples from 
their research findings.

The third section of the book focuses on the utility of specialized text-mining applica-
tions that are suited to address particular domains or purposes related to drug discovery. 
The use of literature-mining approaches to extract novel but not yet recognized associa-
tions between concepts such as genes, diseases, drugs, and cellular processes can aid the 
discovery of novel drug targets and increase insight into the mode of action of a drug or 
find novel applications for known drugs.

 ● The ability to identify accelerating areas of science for a given disease area highlights 
scientific advancements in aspects of biology, and offers opportunities for both near 
and long-term strategy development for innovative medicines with early translational 
possibilities. Rajpal et al. present a literature-mining methodology that evaluates 
trends, and points to gene-disease associations that can be employed in making various 
important scientific and strategic decisions during drug development.
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 ● Discovering novel disease genes is a key step in the drug discovery pipeline and requires 
not only the identification, prioritization, and selection of reliable druggable targets.  
Wu et al. review recent advances in literature- and data-mining approaches for gene pri-
oritization, and describe a computational approach to identify and rank candidate genes 
by finding associations between known disease genes and disease relevant pathways.

 ● Drug toxicity remains a major reason why new drug candidates which enter clinical 
 trials fail to ever reach the market. However, there are vast amounts of information in 
the public domain concerned with pharmacological interactions, biomedical literature, 
consumer posts in social media, and narrative electronic medical records (EMRs); all of 
which can be relevant and informative for predicting the safety of novel drugs. Liu et al. 
describe the use of text-mining techniques from these diverse document resources to 
uncover hidden knowledge and help predict their toxicity profiles.

 ● Systematically seeking novel associations between existing drugs and new indications 
has recently emerged as an alternative to the limited productivity issues associated 
with traditional drug discovery. Tari and Patel describe various strategies including 
application examples that use biomedical literature as a source for systematic drug 
repositioning.

 ● In the concluding chapter of this section, Chen and Sarkar present a knowledge discov-
ery framework for mining the electronic health records (EHR) to gather phenotypic 
descriptions of patients from medical records in a systematic manner to identify comor-
bidities occurring in patients more often than expected. Currently available resources 
and their caveats are also discussed.

We are very grateful to the authors for contributing to this volume. The editors would 
like to thank Professor John Walker (Series Editor) for suggesting this project and guiding 
us through till the end so that we can produce this important scientific work. We hope that 
the reader will share our excitement to present this volume on “Biomedical Literature 
Mining” and will find it useful.

King of Prussia, PA Vinod D. Kumar
Hitchin, UK Hannah Jane Tipney
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Chapter 1

Introduction to Biomedical Literature Text Mining:  
Context and Objectives

Jeffrey D. Saffer and Vicki L. Burnett

Abstract

Information: If you are reading this, you know how important it is and almost certainly look to the 
 biomedical literature for a large part of the information you need. We work hard to find more and more 
biomedical literature, seeking new content from multiple sources. But, can there be too much of a good 
thing?

Most science is reductionist by nature. It is difficult enough finding the relevant nuggets of information 
from 1,000 documents. It is at least ten times harder to do so from 10,000 documents. And, with 25 million 
biomedical journal articles and many times that of other textual information sources, we are faced with signifi-
cant challenges.

In this introduction, we identify some of those challenges to prepare you for the remaining chapters.

Key words Biomedical, Text mining, Text analytics search and retrieval

1 Defining Text Mining

There are a variety of methods that have been described as “text 
analytics,” “text exploration,” and “text mining.” These terms 
are often used interchangeably and describe a full spectrum of 
approaches, including analytical methods such as bibliometrics 
(e.g., who are the most active authors or which terms are used 
and at what frequency), exploratory approaches such as clustering 
documents together based on related content and co-occurrence 
analysis, and techniques for discovery of facts that are hidden  
in or even just implied by text documents. Common to all 
approaches is an attempt to understand and utilize the informa-
tion within.
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2 The Objectives of Text Mining

There are many goals for text mining. In the biomedical field, the 
importance of text mining is reflected in the sixfold increase in 
journal articles on text mining over the last decade. Pharmaceutical 
companies consider text mining a “basic necessity” [1] using it to 
find proteins, drugs, biological processes, and complex interactions 
among them all. Some of the most important goals are to improve 
search, reveal prior results that inform research projects and treat-
ment approaches, discover hidden information on biological path-
ways or adverse effects, and improve the rate of discovery. A good 
example of successful text mining is the work of LePendu et al. [2], 
who were able to demonstrate pharmacovigilance from mining 
electronic health records. Additional examples will be discussed in 
this book.

Search and retrieval are fundamental for effective use of the bio-
medical literature and other text. There are two main approaches 
for searching: (a) find anything that might possibly be relevant 
(maximize recall) and, in some but unfortunately not all cases, 
then use a ranking method to help the user find what is important 
and (b) find only the documents that are truly relevant (maximize 
precision) and present the user with the best documents to start 
with. A balance between precision and recall is required.

Currently, most search engines use the first approach and are 
based on Boolean search methods that have existed since the 
beginning of time (at least computationally speaking). These search 
engines, which include the most well-known sites, find an article if 
it contains all of your search terms—without regard to how those 
terms may be used. Many bells and whistles have been added to 
these search engines, including the use of ontologies to expand the 
number of potentially relevant documents. And, tremendous effort 
has been put into ranking algorithms. But what is important to one 
researcher is not necessarily relevant to another researcher’s goals. 
The end result is that the user can spend an enormous amount  
of time going through the search results and can miss critical 
documents.

The second approach is where text mining plays a central role. 
Computational linguistics can be applied to determine if the author 
of a document made an assertion, or a relationship, that ties all of 
the search terms together in a meaningful way—thus providing the 
user with immediate access to what is important for their search. 
For instance, if you were looking for “aging and diseases,” you 
would want to find direct relationships among your terms, such as 
“Aging-related defects in mitochondrial energetics have been pro-
posed to be causally involved in sarcopenia” [3] but not statements 
with simple co-occurrences such as “However, although there are 

2.1 Search  
and Retrieval

Jeffrey D. Saffer and Vicki L. Burnett
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numerous experiments that have been carried out with respect to 
the beneficial effects of fruits and vegetables in cardiovascular 
disease and ischemia, until recently their putative positive effects on 
CNS aging and behavior have not been examined” [4], where no 
connection between aging and disease is implied. An example of a 
search engine using this type of relationship-based searching is 
Quertle (www.quertle.info), developed by the authors to address 
the need for identifying the most relevant documents [5, 6]. 
Additional text mining methods can then be applied to the search 
results themselves, so that more effective exploration of those 
results is possible. For instance, Quertle automatically extracts the 
key concepts to enable rapid filtering.

With over one million new biomedical journal articles published 
every year, just keeping up with the findings requires text mining. 
The days of “I know everybody in my field” are over; discoveries in 
one area can be relevant to diverse fields, but those discoveries are 
easily lost in the sheer volume of articles. As such, text mining, as a 
means for uncovering these relevant facts, becomes essential for 
revealing current results that should inform ongoing research proj-
ects and treatment approaches.

With it being a challenge to keep up with the clearly stated facts in 
the literature, it is an even bigger problem to uncover the less obvious 
information implied by the volume of text. This “hidden” infor-
mation, particularly when coupled with the analysis of experimental 
data, can be used to predict function and uncover novel biological 
pathways. For example, two documents talking about different 
proteins in a similar biological context might suggest a functional 
relationship between those proteins. Teasing out these connec-
tions, piecing together biological networks, or uncovering poten-
tial adverse effects in this way can have a huge impact on research 
decisions and health care.

Text mining can also be used to uncover a different type of 
“hidden” information: trends and emerging concepts. Identification 
of trends was traditionally based on expert analysis, but this has 
shifted to text mining methods due to the volume of information 
that needs to be assimilated. Emerging concepts are also critical to 
follow and are themselves the beginnings of a new trend. There 
are, of course, cases where an emerging concept would be obvious 
(such as a new paper on the discovery of antigravity). But, in gen-
eral, it is only in a historical perspective that many emerging 
 concepts are recognized—that is, until the application of text 
 mining methods.

Although there is considerable focus on underlying biomedical 
information, the literature can also provide insights into the under-
pinnings of how knowledge progresses. There are two major types 

2.2 Finding What  
Is Already Known

2.3 Finding What 
Was Not Obvious

2.4 Research 
Networks

Introduction
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of efforts in this area. Citation networks show the dependence of 
one body of work on another and provide windows into the evolu-
tion of knowledge. Collaboration or co-authorship networks doc-
ument the professional and, to some degree, the social connections 
among the authors.

Collectively, both types of networks identify “who is doing 
what and where” and how those people are themselves connected. 
Both networks also reveal the individual thought leaders as well as 
the organizations where the key work is carried out. This informa-
tion can provide important insights, such as potential collabora-
tions, and can help drive forward research and discoveries.

3 Text Mining Methods

The methods for both analytics and mining can take advantage of 
natural language processing (also known as computational linguis-
tics) and statistical methods. These methods are often supported 
by semantic analysis and ontologies.

Natural language processing (NLP) or computational linguistics 
dates back to the early days of computers with the notions identi-
fied in Turing’s classic 1950 paper on Computing Machinery and 
Intelligence [7]. The goal of NLP is to use rules (either predefined 
or learned through supervised or unsupervised methods) to pro-
cess text for specific purposes (translation, extraction of assertion, 
summarization, and much, much more).

There are many aspects of text mining that rely more on statistical 
methods. These include document clustering, document classifica-
tion through probabilistic models, and measurement of document 
similarity. Statistical methods can be used alone or in conjunction 
with NLP methods.

Both NLP and statistical methods are dependent on entity recogni-
tion and sense disambiguation. Hence, semantics becomes critical.

Semantics refers generally to the meaning of language. As you 
encounter “semantics” within this volume or in other contexts, 
though, its actual meaning is, well, a matter of semantics. Often, 
when “semantics” is used to describe text searching or mining, it 
refers to the use of an ontology to expand a term into its constitu-
ent members (such as “mammal” would include “human,” “dog,” 
and “walrus”) or to assign a term to its class (such as “human” is a 
member of “mammal”).

It is critical to remember, however, that the meaning of a  
term in text is also highly dependent on the context. Polysemy 
(multiple meanings for a word) can be a major problem when mining. 

3.1 Natural 
Language Processing

3.2 Statistical 
Methods

3.3 Semantics

Jeffrey D. Saffer and Vicki L. Burnett
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For example, “Can a bear bear to bear?” (or, more understandably: 
“Can an ursine mammal tolerate giving birth?”). Such issues are 
exacerbated in the biomedical field where gene names are mostly 
short strings of characters which often match regular text  
(e.g., “snail” could be protein or gastropod) and abbreviations 
(e.g., “AMD” could be the gene for adenosyl methionine decar-
boxylase or the disease age-related macular degeneration). The 
potential confusion is not even limited to terminology across entity 
types: “Mad” is an alias both for the human adenosine monophos-
phate deaminase 1 gene and for human MAX dimerization gene. 
In Drosophila, “Mad” is the gene “mothers against dpp” (mothers 
against decapentaplegic). Therefore, search and mining methods 
need to deal with such issues explicitly, or the value of the resulting 
data is somewhat tempered.

The contextual issue also applies to the meaning of any state-
ment. For example, a statement such as “The risk of diseases, 
including diabetes and leukemia, was investigated.” does not imply 
a connection between “diabetes” and “leukemia.” Hence, the con-
clusions that can be derived from mining techniques such as 
 co- occurrence need to be tempered, unless true relationship iden-
tification methods are used.

As noted above, ontologies are often used to expand search and 
mining methods so that all related members of a class are found. 
In attempting to uncover a relationship between certain proteins 
and “cancer,” one very well might want the text mining method 
to consider not only the term “cancer” itself but also “carcinoma,” 
“melanoma,” “lentigo maligna,” and so forth. However, the 
expansion of potential findings that result from the use of ontolo-
gies requires concomitantly greater precision (relevancy) to be 
effective; otherwise, all that is accomplished is an increasingly 
greater list of results without necessarily greater value to the text 
miner.

In considering the use of ontologies for text mining, another 
critical point to consider is that most ontologies have been created 
for the purpose of classification and organization. They are not nec-
essarily well tuned for search/retrieval or data mining. An important 
lesson we have learned over years of text mining research is that, like 
all problems of matching the correct tool to the purpose at hand, to 
be effective, ontologies must be designed for the specific goal.

4 Data Sources

For any discussion of text mining, there is also the question of 
what to mine. As with ontologies, the specific tools (sources of text 
content) that are relevant vary with the questions being asked.

3.4 Ontologies

Introduction
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The biomedical field has been aided immensely by the US 
National Library of Medicine effort to make the bibliographic 
information, including the abstract, for most journal articles avail-
able publically. There are few, if any, biomedical text miners who 
are not dependent on PubMed and its related resources.

Despite that resource, text mining has been hampered by the 
lack of availability of full-text articles. Although the most salient 
conclusions from the work described in a research article will be 
described in the abstract, the details, methods, and background 
information remain important sources for text mining. Open access 
has gained some momentum with approximately 20 % of biomedi-
cal journal articles available in 2009 [8] with new open-access jour-
nals being added all the time. Nonetheless, it is clear that open 
access is a challenge for most publishers and not all articles will be 
available.

In addition to journal articles, the relevant information is truly 
“big data” in that it encompasses patent literature, books, medical 
records, social network surveillance, corporate internal documents, 
and much more. And, like other big data problems, as much as we 
feel the answers must be there, we are limited in our ability to ask 
the right questions in the right way, unless we use text mining to 
extract the relevant results.

5 Text Mining Challenges

The issues with big data and text mining noted above are high- level 
problems. There are, in addition, the challenges that must be solved 
at the level of applying individual methods. As well as the semantic 
issues previously discussed, biological variations can be a complicat-
ing factor. For example, what happens in one species does not neces-
sarily happen in another species. Furthermore, what happens in one 
species may not happen in the same species under different condi-
tions (gender, genetics, natural history, or treatment differences).  
As such, the conclusions that can be derived are often obfuscated by 
what appears to be conflicting answers to text mining algorithms. 
To the extent that details of the biological system being written 
about can be discerned, the text mining can be improved. For some 
applications, such as defining biological pathways, the “answers” are 
driven by the preponderance of evidence (same assertion made 
 several times), but it may be the exceptions that contain the most 
valuable nuggets of information for some applications.

6 Article Access

Finally, we remind you of an issue you know well. Just because it is 
written does not mean that it is correct. Information gleaned by 
text mining cannot be acted upon until there is a critical reading of 

Jeffrey D. Saffer and Vicki L. Burnett
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the underlying documents. As with the data mining itself, access  
to the articles for this step is again hampered by the difficulties in 
easily reaching the original full-text articles. This is only partially 
solved through library subscriptions; thus, document delivery 
solutions need to be part of any comprehensive solution.

7 Conclusion: What Is Needed

Text mining is now critical for all aspects of biomedical science and 
health care. Integrating these approaches is no longer an option 
and should include:

 ● A comprehensive collection of information (especially full-text 
articles).

 ● An intelligent system that reads your mind and finds the infor-
mation for you (or, short of that, intelligent search engines).

 ● Integrated text mining tools to identify concepts, define path-
ways, extract relationships, perform bibliometrics, and more.

 ● A means to access the documents for critical assessment.

The following chapters address many of the issues mentioned 
and demonstrate successes in current projects.
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Chapter 2

Accessing Biomedical Literature in the Current Information 
Landscape

Ritu Khare, Robert Leaman, and Zhiyong Lu

Abstract

Biomedical and life sciences literature is unique because of its exponentially increasing volume and 
 interdisciplinary nature. Biomedical literature access is essential for several types of users including 
biomedical researchers, clinicians, database curators, and bibliometricians. In the past few decades, several 
online search tools and literature archives, generic as well as biomedicine specific, have been developed. We 
present this chapter in the light of three consecutive steps of literature access: searching for citations, 
retrieving full text, and viewing the article. The first section presents the current state of practice of bio-
medical literature access, including an analysis of the search tools most frequently used by the users, includ-
ing PubMed, Google Scholar, Web of Science, Scopus, and Embase, and a study on biomedical literature 
archives such as PubMed Central. The next section describes current research and the state-of-the-art 
systems motivated by the challenges a user faces during query formulation and interpretation of search 
results. The research solutions are classified into five key areas related to text and data mining, text similar-
ity search, semantic search, query support, relevance ranking, and clustering results. Finally, the last section 
describes some predicted future trends for improving biomedical literature access, such as searching and 
reading articles on portable devices, and adoption of the open access policy.

Key words Biomedical literature search, Text mining, Information retrieval, Bioinformatics, Open 
access, Relevance ranking, Semantic search, Text similarity search

1 Introduction

Literature search is the task of finding relevant information from 
the literature, e.g., finding the most influential articles on a topic, 
finding the answer to a specific question, or finding other (biblio-
graphic or non-bibliographic) information on citations. Literature 
search is a fundamental step for every biomedical researcher in their 
scientific discovery process. Its roles range from reviewing past 
works at the beginning of a scientific study to the final step of result 
interpretation and discussion. Literature search is also important for 
clinicians seeking established and new findings for making impor-
tant clinical decisions. Furthermore, since current biomedical 
research is heavily dependent on access to various kinds of online 
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biological databases, literature search is also a key component of 
transforming knowledge encoded in nature language data, such as 
journal publications, into structured database records by dedicated 
database curators. In addition, literature search has other uses such 
as biomedical citation analysis for academic needs and data collec-
tion for biomedical text mining research.

To meet the diverse needs of literature access by the scientific 
community worldwide, a number of Web-based search tools, 
e.g., PubMed [1] and Google Scholar [2], and online biblio-
graphic archives, e.g., PubMed Central [3], have been developed 
over the last decades. As a result, the literature access process typi-
cally includes the following consecutive steps: searching for citations 
on a search tool, retrieving full text on a bibliographic archive, and 
reading the article. Despite advances in information technologies, 
the ease of searching the biomedical literature has not kept pace for 
two main reasons. First, the size of the biomedical literature is large 
(dozens of millions) and it continues to grow rapidly (over a million 
per year), thus making the selection of proper search keywords 
and reviewing results a daunting task [4, 5]. Second, biomedical 
research is becoming increasingly multidisciplinary. As a result, the 
information most relevant to an individual researcher may appear 
in journals that are not usually considered relevant to his or her 
own research. For example, a 2006 study [6] found that half of the 
renal information is published in non-renal journals.

In response to the aforementioned challenges, there has been 
a recent surge in improving the literature access through the use of 
advanced information technologies in information retrieval (IR), 
data mining, and natural language processing (NLP). For instance, 
recent IR research includes relevance-ranking algorithms aimed at 
improving retrieval effectiveness. Data mining algorithms can 
group similar results into clusters, thus providing users with a quick 
overview of the search results before focusing on individual papers. 
Text mining and NLP techniques can be used to automatically rec-
ognize named entities (e.g., genes) and their relations (e.g., pro-
tein–protein interaction) in the biomedical text, thus enabling 
novel entity-specific semantic searches as opposed to the traditional 
keyword-based searches.

A number of literature search assistants using aforementioned 
information techniques have been developed over the years, some of 
which have been shown to be effective in real-world uses. For 
instance, by comparing words from the title and abstract of each 
citation, and the indexed MeSH terms using a weighted IR algo-
rithm, related papers can be grouped together into clusters [7]. 
When used in most search tools, such a technique is known as 
“related articles” where users can easily find all papers relevant to a 
search result through a simple mouse click. The “related articles” 
application has been frequently used [8] since its appearance in 
PubMed. Because of its success in PubMed, this feature has been 
adopted by many journal websites as well as commercial search tools.

Ritu Khare et al.
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Retrieving full text of bibliographic archives poses another 
challenge for literature access. While most article abstracts are 
freely accessible, their full texts are still locked by the publishers: in 
order to read the full text, one would need either an institutional 
subscription or pay-per-view. Such an access model is inconvenient 
to the researchers and the global scholarly community [9]. In rec-
ognition of such a problem, a number of initiatives began to pro-
mote open access to the scientific literature. For instance, the 
Budapest Open Access Initiative reaffirmed in its tenth anniversary 
in 2012 that its goal is to make open access the default method for 
distributing new peer-reviewed research in every field and country. 
Agreed with such initiatives, a number of publishers and journals 
are adopting the open access paradigm for publishing articles. For 
instance, two major open access publishers include the BioMed 
Central (BMC) and Public Library of Science (PLoS). To acceler-
ate open access, the US National Library of Medicine started 
PubMed Central (PMC), a free digital repository of full-text arti-
cles in biomedical and life sciences in early 2000. With a little over 
10 years’ development, PMC currently contains approximately 
three million items and continues to grow at least 7 % per year [10] 
despite some criticisms from professional societies and commercial 
publishers [11].

This chapter describes all of the abovementioned issues in 
more depth. It first introduces some existing literature search tools 
and bibliographic archives, that are commonly used to access the 
biomedical literature, in three consecutive steps: searching, retriev-
ing, and reading articles. Next, it presents a selection of five key 
categories of text mining and IR applications that address chal-
lenges in searching literature. Finally, there is a discussion on the 
future trends of biomedical literature access, with a focus on the 
open access activities in the biomedical domain and recent transi-
tion to reading articles on portable devices.

2 Current Access to Biomedical Literature

Open access availability of biomedical literature has led an increas-
ing number of users to resort to online methods of literature access. 
Journals and online databases are currently the most frequently 
accessed resources among biomedical information seekers, fol-
lowed by books, proceedings, newsletters, technical reports, author 
web pages, etc. [12, 13]. Given the rising quality, volume, and 
diversity of biomedical literature [14], the information seeking 
trend has advanced to multiple layers of information access. 
Current framework comprises a search tool that provides unified 
access to multiple literature archives; these archives store the full 
text of articles and offer multiple viewing media to read those arti-
cles. Current practice begins with the user crafting a keyword or 
a faceted (structured) query and submitting on the search tool. 

Accessing Biomedical Literature in the Current Information Landscape
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In response, the tool presents a ranked list of citations relevant to 
the user query. The user has the option to go to a specific citation, 
access the full text on the linked literature archive, and view the 
article using a particular medium. Figure 1 demonstrates the three-
step process of literature access.

A search tool provides a single access point to multiple literature 
archives. At the core, the tool contains a citation database developed 
by indexing articles (abstract or full text) from different sources. The 
tool interface serves two purposes: (1) provides search functionality 
supporting queries ranging from the standard keyword search to the 
comprehensive faceted search (e.g., search by author, journal, title, 
etc.) and (2) presents ranked list of citations relevant to the query, 
with several options to filter and re-sort the results; in addition to 
bibliographic information, each citation contains a link to retrieve 
the full text of the article on a literature archive.

PubMed [1] is the most widely used search tool dedicated to 
biomedical and life sciences literature. Launched in 1996, PubMed 
is a publicly available citation database developed and maintained by 
the US National Library of Medicine. To date, PubMed contains 

2.1 Literature 
Search Tools

Fig. 1 The three steps of biomedical literature access: (a) Searching the literature and reviewing results using 
a search tool (e.g., PubMed), (b) retrieving the full text on a literature archive (e.g., PubMed Central), (c) consuming 
the article on a viewing media (e.g., PubTator)

Ritu Khare et al.
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more than 22.9 million citations for biomedical literature belonging 
to MEDLINE indexed journals, manuscripts deposited in PMC, 
and the NCBI Bookshelf. PubMed articles are indexed by the 
 controlled vocabulary thesaurus, Medical Subject Headings 
(MeSH®). The search algorithm is based on PubMed’s automatic 
term mapping algorithm [15]. The PubMed citation database is 
updated daily. PubMed citations date back to the early 1950s, and 
approximately half a million also date back to 1809. The PubMed 
interface offers the keyword search and allows the advanced queries 
by various fields such as author name, publication date, PubMed 
entering date, editor, grant number, and status of MeSH indexing 
for MEDLINE citations. A noteworthy feature of PubMed is the 
related articles algorithm [8] based on document similarity.

Embase [16] is a subscription-based biomedical citation data-
base developed by Elsevier in 2000. This search service was devel-
oped primarily for biomedical and clinical practice with particular 
focus on drug discovery and development, drug safety, and pharma-
covigilance research. Embase contains 25 million indexed records 
and indexes full-text articles from 8,306 journals, out of which 7,203 
publish English language articles. Embase is often compared with 
MEDLINE, contains five million records, and covers 2,000 journals 
not included by MEDLINE. The Embase database is updated every 
day, and nearly one million records are added per year. Embase has 
digitally scanned the articles from 1947 to 1973. While the official 
reported temporal coverage of Embase dates backs to 1947, some 
articles also date back to 1880s. The records are indexed by Emtree 
thesaurus for drug and chemical information. This allows for deep 
indexing of articles and flexible keyword searching using term map-
ping [17]. The search capability is enhanced using auto complete 
and synonym suggestion features. The results can be filtered by drug 
and disease mentions in the article.

While several other state-of-the-art biomedical specific search 
tools [14, 18–20] have been designed since the inception of 
PubMed, these are not widely used as yet. Instead, other than 
PubMed, biomedical information seekers prefer rather generic 
tools that index articles from several disciplines in addition to bio-
medical and life sciences. Based on the popularity and discussion in 
previous studies [21–23], we describe one publicly available 
(Google Scholar [2]) and two subscription-based (Web of Science 
and Scopus [24, 25]) tools and describe their unique features.

Google Scholar [2], launched in 2004, is a Web search engine 
owned by Google Inc. Google Scholar indexes full-text articles 
from multiple disciplines from most peer-reviewed online journals 
of European and American publishers, scholarly books, and other 
non-peer-reviewed journals. The size and coverage of biomedical 
articles in Google Scholar are not revealed; theoretically, it consists 
of all biomedical articles available electronically. In addition to the 
keyword search, the tool offers searching by various fields such as 

Accessing Biomedical Literature in the Current Information Landscape
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author, publication date, journal, and words occurring in title and 
body, with different methods of term matching. The results are 
sorted by relevance as determined by full text of each article, 
author, journal, and number of citations received.

Web of Science [24], developed by Thompson Reuters in 2004, 
is a citation database that covers over 12,000 top-tier international 
and regional journals, as per their selection process [26], in every 
area of the natural sciences, social sciences, and arts and humanities. 
The science citation database of Web of Science, which is likely to 
contain biomedical specific articles, covers more than 8,500 notable 
journals from 150 disciplines and is updated weekly. The temporal 
coverage is dates back to 1900. The total number of biomedical 
citations cannot be approximated. The citations can be searched by 
various bibliographic fields, and the results display the total number 
of citations, comprehensive backward and forward citation maps, 
and additional keyword suggestions to improve the query. The 
result is ranked based on the overlap between the search terms and 
the terms in the articles. Also, the results can be filtered by Web of 
Science subject areas that are preassigned to journals.

Scopus [25], launched in 2004 by Elsevier, is a citation data-
base for peer-reviewed literature from life sciences, health sciences, 
physical sciences, social sciences, and humanities. Scopus, as of 
November 2012, includes citations from 19,500 peer-reviewed 
journals, 400 trade publications, and 360 book series and is 
updated one to two times weekly. Temporally, citations date back 
to 1823. Scopus contains more than 18,300 citations from the life, 
health, and physical science subject areas. The faceted search is 
comprehensive and includes fields such as publication date, docu-
ment type, subject area, author, title, keywords, and affiliation. For 
each result citation, the number of incoming citations, Emtree 
drug terms, and Emtree medical terms are displayed. For a given 
citation, Scopus also displays the related articles computed based 
on shared references. The relevance rank of results is calculated 
based on relative frequency and location of the search terms in the 
article.

Table 1 summarizes various search tools based on some key 
features. The biomedical coverage and size of the generic search 
tools, Google Scholar, Web of Science, and Scopus, could not be 
accurately computed, as they do not provide a breakdown for bio-
medical and life science-specific journals or articles. To get some 
insight into the coverage, we conducted a small experiment and 
submitted the query “type 2 diabetes mellitus” on various search 
tools. The results are shown in Table 2. Google Scholar returns the 
highest number of results. This is expected given the crawling 
nature of the search engine and the liberal inclusion criteria. 
Embase returns more citations than PubMed. While Web of 
Science returns the least number of results, it is discussed in higher 
number (10,356) of PubMed articles as compared to Scopus and 

Ritu Khare et al.
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Google Scholar which are discussed in 3,231 and 1,621 articles, 
respectively. The most recent and the oldest articles differ for each 
tool. With PubMed as reference point, Google Scholar shows the 
most up-to-date result. Also, the number of incoming citations for 
a 2001 article [27] is 7,092, 3,655, and 4,722, on Google Scholar, 
Web of Science, and Scopus (and Embase), respectively. This high-
lights the differences in coverage of various tools.

Out of the abovementioned tools, PubMed and Embase stand 
out in that they are the foremost developments, biomedical  specific, 
and the most frequently updated search tools. In addition, their 
inbuilt search algorithms utilize controlled vocabularies. The other 
three generic tools differ from PubMed and Embase in that they 
perform citation analysis and provide indications of scholarly 
impact of articles; Google Scholar and Scopus provide the number 
of incoming citations for each article, and Web of Science offers 
thorough analysis including visual summaries of citation distribu-
tions. Also, all tools but PubMed employ a ranking algorithm that 
computes the relevance score of a given article with respect to 
search terms, incoming citations, journal, etc.

PubMed, Embase, and Scopus are similar in terms of their use 
of controlled vocabularies such as MeSH and Emtree in curating 
the articles. PubMed and Scopus are similar in their employment 
of the related articles algorithm, though internally quite different 
from each other. Web of Science is unique in that it has the key-
word recommendation feature and a strict criterion for journal 
selection. The selling point of Embase is that it covers significant 
number of biomedical articles and journals that are not covered by 
PubMed. Google Scholar is unique in the comprehensiveness of its 
ranking algorithm. Another advantage of Google Scholar is that it 
links to free full-text articles more than the other search tools that 
might point to a locked journal [22]. Google Scholar, however, 
unlike others, does not support bibliography management, such as 
integration with bibtex, RefWorks, EndNote, and EndNote Web. 

Table 2 
Comparison of search results for “type 2 diabetes mellitus” on July 15, 2013

PubMed Google Scholar Web of Science Scopus EMBASE

Number of results 83,025 1,380,000 
(approx.)

52,351 117,875 207,444

Publication year of 
the oldest article

1967 1853 1951 1947 1909

PubMed ID for the 
most recent article

23847327 23846835a 23504683a 22968324 23668792

aThere exist other more recent articles not found in PubMed

Ritu Khare et al.
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In sum, currently, there is no one-stop shop available for biomedical 
literature search as each tool has its own strengths and weaknesses. 
The choice of tool would thus depend on the subject matter, pub-
lication year, and usage context, and a wise search strategy would 
use multiple tools instead of relying on one [21].

A literature search tool is integrated with multiple literature 
archives where full-text articles can be retrieved for further con-
sumption. As of June 18, 2013, out of the 22.9 million citations in 
PubMed, 4 million citations are linked to their free full-text 
archives. Out of the citations linked to free full-text archives, 2.3 
million are archived in the PMC [3] literature archive, and the 
remaining contain direct links to either journal’s website (e.g., 
Journal of Cell Biology, Oncotarget, Anticancer Research, BMJ 
Journals) or comprehensive literature archives developed by major 
publishing companies.

PMC [3], launched in 2000, is a free digital archive of full-text 
biomedical and life science articles maintained by the US National 
Library of Medicine. Currently, the PMC archives approximately 
2.7 million articles provided by about 3,700 journals including full 
participation, NIH portfolio, and selective deposit journals. PMC 
also contains supplemental items optionally accompanying each 
article. Another domain-specific archive, EBSCO’s Cumulative 
Index to Nursing and Allied Health Literature (CINAHL) Plus 
with full text [28], is a subscription- based full-text literature archive 
designed for nurses, allied health professionals, researchers, nurse 
educators, and students. The content dates back to 1937 and 
includes full text from 768 journals and 275 books from nursing 
and allied health disciplines. CINAHL is also a widely used search 
tool among nursing professionals.

Springer’s SpringerLink [29] was launched in 1996 and 
archives full-text content available from 1996. SpringerLink covers 
approximately 7.7 million full-text articles from electronic books 
and journals from all disciplines, out of which 6.4 million could be 
classified under the categories of biomedical, chemical, life, public 
health, and medical sciences. Supplementary material is also 
archived with each article.

ScienceDirect [30] is a subscription-based literature archive 
launched by Elsevier in 2000. ScienceDirect contains more than 
11 million peer-reviewed journal articles and book chapters from 
more than 2,500 peer-reviewed journals and more than 11,000 
books, including 8,077 journals and book chapters from life and 
health sciences. ScienceDirect’s coverage goes back to 1823. 
Elsevier, which is also the host of Scopus search tool, has digi-
talized most of the pre-1996 content. Some additional content 
such as audio, video, datasets, and supplemental items are also 
archived. Since its launch, more than 700 million articles have 
been downloaded from the ScienceDirect website [31]. Recently, 
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Literature Archives 
and Viewing Media

Accessing Biomedical Literature in the Current Information Landscape



20

Elsevier has integrated its search tool, Scopus, and the literature 
archive, ScienceDirect, into a new platform, SciVerse.

Wiley online library is a subscription-based full-text archive, 
developed in 2010 by Wiley-Blackwell publishing company. Wiley 
online library contains multidisciplinary collection of 4 million 
full-text articles from 1,500 journals, over 13,000 online books, 
and hundreds of reference works. The subject areas include chem-
istry, life sciences, medicine, nursing, dentistry and healthcare, vet-
erinary medicine, physical sciences, and non-biomedical subjects 
[32]. The coverage of biomedical subject areas is not known.

Table 3 summarizes the above-discussed literature archives by 
their provider, launch year, temporal coverage, content coverage, 
and supported viewing media. Similar to the generic search tools, 
the total number of biomedical articles in the generic archives such 
as SpringerLink and ScienceDirect could not be precisely computed. 
SpringerLink does provide a subject-wise breakdown and archives 
the most number of full-text articles from biomedical and related 
areas. In PubMed, CINAHL is discussed in the highest number of 
articles (8,595), followed by ScienceDirect (298), SpringerLink 
(116), and Wiley Online Library (38). These articles are related to 
information seeking and retrieval studies focused on biomedical arti-
cles. It should be noted that these numbers might not give a com-
plete picture on the coverage of various archives, as there might be 
other studies published in journals not indexed by PubMed.

Table 3 
Comparison of biomedical full-text literature archives

Literature archive 
(provider, year)

Temporal 
coverage

Full-text biomedical articles  
and archive coverage (approx.) Viewing media

PubMed central 
(US National 
Library of 
Medicine, 2000)

1950 to 
present

2.7 million from 3,700 journals, 
including full participation, NIH 
portfolio, selective deposit

Classic, PDF, 
EPUB, 
PubReader

CINAHL Plus 
with Full Text 
(EBSCO, 2010)

1937 to 
present

768 journals and magazines, 275 
books and monographs from 
nursing and allied health disciplines

PDF

SpringerLink 
(Springer, 1996)

1860 to 
present

6.4 million from biomedical, 
chemical, life, public health,  
and medical sciences

Classic, PDF, 
EPUB

ScienceDirect 
(Elsevier, 2000)

1823 to 
present

8,077 life and health science journals 
and book chapters

PDF

Wiley Online 
Library (Wiley-
Blackwell, 2010)

Unknown Journals, online books, and reference 
works (biomedical coverage 
unknown)

Classic, PDF
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Each literature archive offers one or more media or formats 
where the retrieved literature can be consumed (read) by the user. 
Currently, the aforementioned literature archives offer at least four 
types of viewing media. The first view is the classic view wherein 
the article can be viewed on the archive website itself. This view 
does not have any page breaks and needs to be read by scrolling 
vertically through a single long page. This is the default HTML 
format view offered by most literature sources for quick reference. 
The second viewing media is the PDF format (.pdf extension) 
wherein the article can be downloaded onto a device. All literature 
sources archive full text in the PDF format that can be used to read 
on laptops, desktops, and Kindle and can be printed into a hard 
copy. PDF format appears exactly as it would appear on a piece of 
paper; it allows paging, zooming, annotation, and commenting. 
The third viewing media is the open e-book standard EPUB  
(.epub extension) offered by PMC and ScienceDirect. This format 
offers a downloadable file that can be displayed on several devices 
and readers such as Calibre, iBooks, Google Books, and 
Mobipocket, on various platforms such as Android, Windows, Mac 
OS X, iOS, Web, and Google Chrome Extensions. Finally, PMC 
offers a new view, PubReader [33], a user-friendly modification to 
the classic view that emulates the ease of reading the printed ver-
sion of an article. PubReader was launched by the National Center 
for Biotechnology Information (NCBI) in 2012 and is coded in 
CSS and JavaScript. The PubReader display allows an article to be 
read on a Web browser through laptops, desktops, and tablet com-
puters. PubReader offers ease of navigation and readability by 
organizing the article into columns and pages to fit into the target 
screen. In addition, ScienceDirect also offers mobile applications 
to be used on iPad, phones, and tablet computers.

3 Text Mining Solutions to Address Search Challenges

Given the exponential growth and increasing diversity of biomedi-
cal literature, the default querying mechanism (keyword or faceted 
search) would no longer be enough to meet the user needs. There 
is a need to provide alternative methods of writing queries and 
interactive support in query formulation [34–36]. Existing bio-
medical search tools have made a few efforts in this direction, such 
as keyword recommendation feature by Web of Science and flexible 
keyword searching by Embase. Even when the user finds the right 
query to input, identifying the few most relevant articles among 
thousands of citations is not getting any easier. While most search 
tools employ a ranking algorithm to compute the relevance score of 
a given article, relevance remains an important topic in IR research 
[37, 38]. Existing tools also provide filters to narrow down the 
results by different fields. Their ability to present the results in a 
summarized manner remains largely unexplored, however.
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In response to the shortcomings of the existing tools, the 
 literature describes many alternative or experimental search 
 interfaces. In this section, we discuss advanced NLP and IR tech-
niques, primarily by discussing alternative interfaces implementing 
methods not yet available in the major literature search tools. We 
categorize these techniques into five sections: text similarity search, 
semantic search, query support, relevance ranking, and clustering; 
the former three primarily address the search challenges, and latter 
two address the result presentation issues.

It can be difficult for users to make their exact information need 
explicit and then translate it into a query. Several alternative search 
interfaces have implemented another type of search where the 
query consists of one or more documents known to be relevant. 
The relevance of the documents to be retrieved is then calculated 
based on their similarity to the relevant documents.

eTBLAST is a tool for searching the literature for documents 
similar to a given passage of text, such as an abstract [39]. The tool 
extracts a set of keywords from the text and uses these to gather a 
subset of the literature. A final similarity score is computed for each 
document in the set by aligning the sentences in the input passage 
with the document retrieved. MedlineRanker allows the user to 
input a set of documents and then finds the set of words most dis-
criminative of the documents within the set [40]. These are then 
used as features in a classifier (Naïve Bayes), which is applied to 
unlabeled documents to return the most relevant results. While 
effective, this approach requires a sufficiently large training set, 
between 100 and 1,000 abstracts.

Recent work by Ortuno et al. [41] partially alleviates the need 
for a large training set by allowing the user to enter a single abstract 
as query. The articles cited by the input article are then used to 
enrich the input set. This approach significantly improves the qual-
ity of the results over using only the input article and also typically 
returns significantly better results than pseudo relevance feedback. 
Tbahriti et al. [42] significantly improved the ability to determine 
whether two articles were related by classifying each sentence 
according to its purpose in the argumentative structure of the 
abstract (Purpose, Methods, Results, Conclusion). They found 
that the best results were obtained by increasing the weight of 
Purpose and Conclusion sentences relative to sentences classified 
as Methods or Results.

MScanner is similar to the other textual similarity tools in that 
it learns a classifier (Naïve Bayes) from a set of relevant documents 
input by the user [43]. In the case of MScanner, however, the only 
features are the set of MeSH terms associated with each article 
and the name of the journal where the article appears, resulting in 
a very-high-speed retrieval system. Other systems have experi-
mented with using inputs other than text. Caipirini, for example, 
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allows the user to specify a set of genes that are of interest and a 
set of genes that are not of interest [44]. The system locates 
abstracts mentioning the genes specified, and the system extracts 
keywords that appear more frequently than chance in these 
abstracts. These keywords are then used as features for a classifier 
(SVM), which provides a score representing the similarity of a text 
to the abstracts that mention the genes of interest versus the back-
ground set. This classifier is then applied to all of Medline, and the 
top results are returned.

A large part of the meaning of biomedical texts is captured by the 
entities they mention and the relationships discussed. This obser-
vation can be exploited to support semantic search in both the 
queries and in the way the results are displayed to the user. Systems 
supporting semantic search also differ in the types of entities and 
relationships extracted and the methodology employed.

MedEvi is a semantic search tool intended for finding evidence 
of specific relationships [45]. The tool recognizes ten keywords rep-
resenting entity types, such as “(gene)” and “(disease).” In addition, 
the tool orders results by preferring results containing the terms in 
the same order as they appear in the query and within close proxim-
ity. Kleio supports keyword searches of multiple prespecified fields 
[46], including both semantic types (including protein, metabolite, 
disease, organ, acronyms, and natural phenomenon) and article 
metadata (e.g., author). A specialized tool for specifically querying 
authors is Authority [47]. Authority uses a clustering approach over 
article metadata to determine whether ambiguous author names 
represent the same person or not. When the users query for an 
author, the system displays the matching author clusters.

MEDIE allows queries to specify any combination of subject, 
verb, and object [48]. For example, the query representing “What 
causes cancer?” would be verb = “cause” and object = “cancer.” This 
query returns a list of text fragments where the verb matches 
“cause” and its object is “cancer” or any of its hyponyms, such as 
“leukemia.” The results highlight genes and diseases in different 
colors. PubNet extracts entities and relationships from the articles 
returned by a standard PubMed query and then visualizes the 
results as a graph [49]. Entities supported include genes and pro-
teins, MeSH terms, and authors.

The EBIMed service uses keyword queries as input and pro-
vides a listing of the entities most common in documents match-
ing the query [50]. EBIMed supports a fixed set of entity types 
(protein, cellular component, biological process, molecular func-
tion, drug, and species) and locates both entities and relation-
ships between two entities. All results are linked to the biological 
database that defines the entity. Quertle locates articles that 
describe relationships between the entities provided in a query, 
and results are grouped by the relationship described [51, 52]. 

3.2 Semantic Search
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Users may also switch to a keyword search with a single click. 
Quertle also supports a list of predefined query keywords that 
refer to entity types of varying granularity.

A Web-based text mining application named PubTator [53, 54] 
was recently developed to support manual biocuration [55–58]. 
Because finding articles relevant to specific biological entities (such 
as gene/protein) is often the first step in biocuration, PubTator 
supports entity-specific semantic searches based on the use of sev-
eral competition-winning named entity recognition tools [59–64].

An important aspect of improving the relevance of query results is 
to help the users translate their information need into a query. 
While text similarity, as discussed in Subheading 3.1, is a useful 
method for reducing this barrier, another method is to directly 
support the creation and revision of both keyword and faceted 
queries [34].

The iPubMed tool allows searching MEDLINE records to be 
more interactive through the search-as-you-type paradigm. Query 
results are dynamically updated after every keypress. iPubMed also 
supports approximate search, allowing users to dynamically correct 
spelling errors.

PubMed Assistant is a stand-alone system which includes a 
visual tool for creating Boolean queries and a query refinement 
tool that gathers useful keywords from results marked relevant by 
the user [65]. PubMed Assistant also supports integration with a 
citation manager.

Schardt et al. [66] demonstrated that search interfaces sup-
porting the PICO system for focusing clinical queries improved 
the precision of the results. PICO is a framework for supporting 
evidence-based medicine and is an acronym for Patient problem, 
Intervention, Comparison, and Outcome [67, 68]. SLIM is a tool 
emphasizing clinical queries which uses slider bars to quickly cus-
tomize query results. Modifiable parameters include the age of the 
article, the journal subset, and both the age group and the study 
design of the clinical trial reported. askMEDLINE is a system 
which accepts clinical queries in the form of natural language ques-
tions. The system is particularly designed to support users who are 
not medical experts.

Ranking results in order of their relevance to the query is a well- 
supported technique for reducing the workload of the user and is 
supported in most existing tools for searching the literature except 
PubMed itself. While straightforward measurements such as 
TF-IDF are known to work well [37], there are still aspects that 
can be improved.

A common ranking technique in web search is to incorporate a 
measurement of the importance of the document into the score. The 
scientific record contains many types of bibliometric information 
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that can be used to infer the quality or the importance of an article. 
The PubFocus system, for example, ranks relevant documents accord-
ing to an importance score that includes the impact factor of the 
journal and the volume of citations [69].

Bernstam et al. [70] demonstrated that algorithms that use 
citation data to determine document importance—including both 
simple citation counts and PageRank—significantly improve over 
algorithms that do not use citation data. Unfortunately, however, 
citation data suffers from “citation lag”—the period of time 
between when an article is published and when it is cited by another 
article. Tanaka et al. [71] partially overcome this limitation by 
using the data available at publication to learn which articles are 
likely to eventually be highly cited.

Lin [72] takes a different approach and instead uses the 
PubMed related articles tool to create a graph by linking similar 
document pairs. PageRank is then applied, producing a score for 
each document where higher scores imply that the document con-
tains more of the content from its neighbors in the graph. Scores 
are thus independent of any query, but documents with higher 
scores will naturally be relevant for a wider range of queries.

Yeganova et al. [73] examined PubMed query logs and found 
that users frequently enter phrases such as “sudden death syn-
drome” without the quotes to indicate that the query contains a 
phrase. While PubMed interprets such queries as the conjunction 
of the individual terms, the authors demonstrate a qualitative dif-
ference between results that contain all terms and results that 
contain the terms as a phrase. They conclude that it would be 
beneficial to attempt to interpret such queries as containing a 
phrase and in particular suggest that documents containing the 
terms in close proximity are more relevant than results that merely 
contain all terms.

The RefMed system employs relevance feedback to explicitly 
model the relevance of query results [74]. In relevance feedback, 
the system returns an initial set of results, allows the user to indi-
cate whether each result is useful, and then uses the input as feed-
back to improve the next round of results. While relevance has 
traditionally been considered to be binary, RefMed uses a learning 
to rank algorithm (rankSVM) to allow the user to specify varying 
degrees of relevance along a scale.

The MiSearch tool uses an implicit form of relevance feed-
back to model the relevance of articles to the user [75]. The sys-
tem automatically collects relevant documents by recording 
which documents are opened while browsing. This data is used to 
create a model of the likelihood that the user will open a docu-
ment that can be used to rank the results of any query. Features 
for the model include authors, journal, and PubMed indexing 
information.
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Clustering the results of the user query into topics helps in several 
ways. First, clustering the results helps to differentiate between the 
different meanings of ambiguous query terms. Second, in large 
sets of search results it can help the users focus on the subset of 
documents that interest them. Third, the clusters themselves can 
serve as an overview of the topic. This method has been considered 
in several PubMed derivatives that vary in their method of deter-
mining the clustering methodology. Popular variations include 
MeSH terms, other semantic content (such as UMLS concepts and 
GO terms), keywords, and document metadata (such as journal, 
authors, and date).

Anne O’Tate provides additional structure and a summary of 
the query results by clustering the content of the documents 
retrieved and also by extracting important words, publication date, 
authors, and their institutions [76]. Users are allowed to extend 
the query by any of the summarized information simply by clicking 
on it, and any query returning less than 50 results can be expanded 
to include the articles most closely related.

The McSyBi tool clusters query results both hierarchically and 
non-hierarchically [77]. Whereas the non-hierarchical clustering is 
primarily useful for focusing the query on particular subsets, the 
hierarchical clustering provides a brief summary of the query 
results. McSyBi also provides the ability for the user to adjust or 
reformulate the clustering by introducing a MeSH term, which is 
interpreted as a new binary feature for each document, depending 
on whether the document has been assigned the specified MeSH 
term. Users can also introduce a UMLS Semantic Type, which is 
considered present if the document is assigned at least one MeSH 
term with the specified type.

GoPubMed originally used the Gene Ontology (GO) [78] to 
organize the search results [79]. It currently groups search results 
according to categories “what” (biomedical concepts), “where” 
(affiliations and journals), “who” (author names), and “when” 
(date of publication). The “what” category is further subdivided 
into concepts from Gene Ontology, MeSH, and UniProt. GO 
terms are located in the abstracts retrieved, even if they do not 
appear directly, and are highlighted when the abstract is displayed.

XplorMed is a tool for multifactored analysis of query results 
[80, 81]. Results are displayed grouped both by coarse MeSH cat-
egories and important words that are shown both in summary and 
in context. Users may then explore the important words in more 
depth or display results ranked by inclusion of the important words.

Boyack et al. [7] sought to determine which clustering 
approach would produce the most coherent clusters over a large 
subset of MEDLINE. The analysis considered five analytical tech-
niques: a vector space approach with TF-IDF vectors and cosine 
similarity, latent semantic analysis, topic modeling, the Poisson- 
based language model BM25, and PubMed related articles. 
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The analysis also considered two data sources, MeSH subject 
 headings and words from titles and abstracts. The article concluded 
that PubMed related articles created the most coherent clusters, 
closely followed by BM25, and also concluded that the clusters 
based on titles and abstracts are significantly better than those 
based only on MeSH headings.

SEACOIN (Search Explore Analyze COnnect INspire) is a 
system that merges important word analysis with clustering and a 
graphical visualization to achieve a simple interface suitable for 
novice users [82]. The SEACOIN visualization combines a word 
cloud that allows the user to add additional terms to the query, a 
multi-level treelike graphic that allows users to see the relative 
number of documents containing different terms and term combi-
nations, and a table listing the documents returned.

SimMed presents users with clusters of documents ranked by 
their degree of relevance to the query [83]. The interface empha-
sizes the clusters found to provide a summary of the query topic, 
thereby explicitly supporting exploratory searches. The clusters 
used are computed off-line, allowing high retrieval performance.

4 Future Trends to Improve Biomedical Literature Access

In terms of the search tools, in addition to the research directions 
highlighted in Subheading 3, we can expect to see more reader- 
friendly and smart applications based on advanced IR and NLP 
techniques in order to help readers find and digest articles more 
effectively and efficiently. Furthermore, with the use of social media 
such as blogging and tweeting, new ways of sharing and recom-
mending papers will gain more importance in the future, in addi-
tion to the traditional search-based mechanism. For instance, using 
social media makes it easier to make and share comments on papers, 
thus providing alternative views with respect to the impact of indi-
vidual papers. In the future, biomedical literature search could also 
be personalized. That is, search results are tailored towards the 
interests of individual researchers based on their own work and/or 
past searches. In other words, the same query by two different users 
may return different search results. This is desirable in certain cases. 
For instance, a bench scientist and medical doctor are likely to 
search for different information (biological vs. clinical, respectively) 
even though they both search for the same drug and disease pair. In 
the general web search domain, personalized search has been shown 
to be useful [84]. Therefore, such a feature could also be helpful to 
users when it comes to the biomedical literature search.

With regard to open-access papers, we believe that its size will 
continue to grow rapidly over the next 5–10 years. This is evi-
denced by the increasing number of publishers and journals inter-
ested in adopting the open access policy as well as by the ever-growing 
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interests from the scientific community. That is, more and more 
authors are considering open-access journals as their preferred 
choice for publishing their work. As this happens and together 
with Web and computer technology advances, we can imagine free 
access to most research articles anywhere, anytime on any device.

Finally, with increased use of portable devices such as 
 smartphones and computer tablets to access the Internet, there are 
growing needs and interests in searching and reading literature on 
those devices. Portable devices provide a great deal of benefits such 
as convenience but also present new challenges. First, it is less likely 
to print out the papers with portable devices—a common way for 
reading papers. As a result, reading directly on those devices 
becomes necessary. But compared to desktop or laptop computers, 
the screen size of portable devices is usually much smaller. As such, 
readability becomes a real issue on those small-screen devices, 
especially when it comes to reading papers. This is because unlike 
reading e-mails or news articles, people do not generally read 
straight through an article. Instead, they often need to go back and 
forth when reading a journal article in order to understand and 
digest its content. Scrolling up and down on a modern computer 
screen is hard but still viable; this kind of operation becomes almost 
impossible on small-screen devices. As mentioned in 
Subheading 2.2, there has already been work on supporting con-
venient reading on small-screen devices from new reading apps to 
reader-friendly Web interfaces. Although these tools already pro-
vide better readability than the traditional Web browsers, further 
improvement is needed in order to make users to read and digest 
articles comfortably on those devices. We also expect advances in 
Web technology to help facilitate such a transition.
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Chapter 3

Mapping of Biomedical Text to Concepts of Lexicons, 
Terminologies, and Ontologies

Michael Bada

Abstract

Concept mapping is a fundamental task in biomedical text mining in which textual mentions of concepts of 
interest are annotated with specific entries of lexicons, terminologies, ontologies, or databases representing 
these concepts. Though there has been a significant amount of research, there are still a limited number of 
practical, publicly available tools for concept mapping of biomedical text specified by the user as an inde-
pendent task. In this chapter, several tools that can automatically map biomedical text to concepts from a 
wide range of terminological resources are presented, followed by those that can map to more restricted 
sets of these resources. This presentation is intended to serve as a guide to researchers without a back-
ground in biomedical concept mapping of text for the selection of an appropriate tool based on usability, 
scalability, configurability, balance between precision and recall, and the desired set of terminological 
resources with which to annotate the text. Only with effective automatic concept-mapping tools will sys-
tems be able to scalably analyze the biomedical literature and other large sets of documents as a fundamen-
tal part of more complex text-mining tasks such as information extraction and hypothesis evaluation and 
generation.

Key words Concept mapping, Concept recognition, Concept normalization, Annotation, 
Terminologies, Vocabularies, Ontologies

1 Introduction

One of the most fundamental tasks in biomedical text mining is the 
identification of mentions of specified entities of interest, such as 
genes/gene products, cells, chemicals, and diseases/pathologies. 
This task has historically been referred to in the computational 
 linguistics community as named-entity recognition, where named 
entities are those with rigid designators such as people, organiza-
tions, and locations but also less intuitive ones such as times and 
quantities [1]. Partly because of the ambiguity involved in specify-
ing what are and what are not named entities [2]—particularly in 
the biomedical domain—this task is now sometimes referred to 
more simply as entity recognition.
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Most generally, entity recognition refers to the task of identifying 
textual mentions with (a typically small number of) predefined 
 categories of interest; thus, each mention of a chemical would be 
marked up with a generic chemical tag without specifying the iden-
tity of the mentioned chemical, only indicating that it is a mention 
of a chemical. The more specific task of marking up such identified 
textual mentions with uniquely identifying information correspond-
ing to entries of lexicons, terminologies, ontologies, or databases 
has been referred to as term mapping [3] or entity normalization 
[4]. The focus of this chapter is the annotation of text with  elements 
of biomedical lexical, terminological, and ontological resources, so 
recognition of entities in text will always refer to this more specific 
sense here. Furthermore, since abstract concepts not as intuitively 
thought of as entities (e.g., qualities, functions, phenotypes) or 
explicitly not categorized as entities (e.g., processes and events, 
which are not typically considered to be named entities) are increas-
ingly represented in biomedical terminologies and ontologies and 
important to identify in text, the more expansive concept is  preferred 
over entity. Concept mapping will refer to the task of annotating 
textual mentions of any type of concept of interest with entries of 
lexicons, terminologies, ontologies, or databases representing 
those concepts, and systems that recognize textual mentions of 
biomedical concepts but do not link them to such specific entries 
are outside the scope of this chapter and will not be discussed.

Some of the obstacles to reliable concept mapping in the 
 biomedical domain are also seen in general language and in other 
subdomains, namely, aspects of natural language such as synonymy 
(different text strings having the same meaning), polysemy (mul-
tiple meanings for a given text string), ambiguity (vagueness in the 
meaning of a text string), lexical variation, and abbreviation of 
 full- length names of concepts. Additionally, in the biomedical 
domain, the number of named concepts in lexicons, terminologies, 
and ontologies is already extremely large and is rapidly growing  
[5, 6]. Though there are some standards, nomenclature can change 
quickly; furthermore, some authors instead use their own preferred 
terminology [7]. Biomedical terminology also tends to be longer 
and more complex than that in general language, and the exact 
lexical entries of lexicons, terminologies, and ontologies often do 
not commonly occur in the literature [8, 9]. Furthermore, until 
recently, there has been a dearth of gold-standard corpora of anno-
tated documents [10–12] on which text-mining systems could be 
trained and tested for the task of biomedical concept mapping.

2 Lexicons, Terminologies, and Ontologies

A lexicon is essentially a collection of the words (and possibly 
phrases and expressions) of a language or a sublanguage, along 
with descriptions of how they may be used and/or how they are 
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related to each other. A lexical entry for a given word, phrase, or 
expression may include information concerning its phonetics, 
 morphology, syntax, frequency, semantics, or other linguistic 
behaviors. Depending on the types of lexical information con-
tained within, a given lexicon may be useful for a wide range of 
natural language processing (NLP) tasks, including part-of-speech 
tagging, word-sense disambiguation, and phrasal parsing; a lexicon 
may be particularly useful for concept mapping, as the amount of 
lexical information that is the focus of lexicons may not be as thor-
ough in corresponding terminologies and ontologies. Any typical 
dictionary is a lexicon, but these are created for human use and 
tend to be inadequate for computational work [13, 14]. The most 
widely used computational lexicon of English is WordNet [15], 
which focuses on semantic relationships between words (e.g., for a 
given noun, its hypernyms (semantically broader words) and hypo-
nyms (semantically narrower words)). Prominent biomedical lexi-
cons include the SPECIALIST Lexicon of the Unified Medical 
Language System (UMLS), which includes syntactic, morphologi-
cal, and orthographic information for both general and biomedical 
terms and was developed particularly for use by its suite of NLP 
tools [16], and the BOOTStrep BioLexicon, in which data from 
large biomedical databases have been semiautomatically integrated 
and supplemented with morphological, syntactic, and semantic 
information [17].

A terminology (or vocabulary) is a collection of terms and 
phrases for concepts within a given domain of interest; it is often 
preceded by the word controlled, especially for a terminology that 
has been designed with one or more particular use cases in mind 
and whose entries are to serve as allowable values of fields [18–20]. 
Addressing the synonymy, polysemy, and complexity of natural 
language, terminologies are often designed to be used among 
 distributed resources to unambiguously refer to shared content; 
for example, the National Cancer Institute (NCI) Thesaurus is 
based on a comprehensive terminology of cancer-related concepts, 
including genes and gene products, anatomical parts, organisms, 
biological processes and pathologies, clinical findings, drugs, and 
therapies and techniques, and was designed as a shared resource for 
coding, processing, and exchanging information in cancer research 
and care [21]. Terminologies often serve as foundations upon 
which knowledge of the denoted content of the terms is orga-
nized; for example, the HUGO Gene Nomenclature Committee 
(HGNC) oversees the terminology of official unique symbols and 
names of known human genes, which is used to structure the 
genomic, phenotypic, and proteomic information for these genes 
in a centralized database [22]. We broadly include uniquely repre-
sented entries of biomedical databases (e.g., the unique identifiers 
for entries representing species-specific proteins of the UniProt 
database [23]) in this category, as these essentially constitute con-
trolled vocabularies. While inclusion of synonyms and definitions 
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for terms is common, terminologies typically do not contain other 
types of lexical information that may be present in a linguistically 
oriented lexicon.

Ontology was originally defined in the early seventeenth  century 
as a branch of philosophy focused on the nature of being, exis-
tence, or reality insofar as which entities can exist (and sometimes 
which cannot exist) and how they can be categorized and arranged 
within hierarchies [24]. In the last several decades, information 
and computer scientists have reinterpreted ontology as a philo-
sophical area of study to an ontology as a (typically computational) 
specification that models a view of a domain of interest, i.e.,  
a “specification of a conceptualization” [25]. Ontologies can be 
represented in a variety of ways, but at minimum they include 
classes/concepts/types that are linked via relations/properties; 
these may be augmented with instances/individuals of these 
classes, various kinds of restrictions on these relations (e.g., cardi-
nality) at either global or specific class levels, as well as various types 
of axioms (e.g., rules, assertions of class disjointness). While lexi-
cons can be hierarchically structured and terminologies are com-
monly developed as such, the classes of ontologies are always 
arranged into hierarchies. Furthermore, the hierarchical structure 
of a properly formed ontology should represent strict subclass–
superclass relationships (i.e., every instance of a given subclass is 
also an instance of each of its superclasses); this contrasts to the 
hierarchies of some lexicons and terminologies, parts of which 
might be arranged by partonomy (i.e., every instance of a given 
subclass is a part of each of its superclasses) or by a less strict notion 
of semantic broadness/narrowness. Ontologies have become cen-
tral resources for biomedical informatics and have been used to 
facilitate a wide variety of tasks, including semantic integration, 
knowledge inference, NLP, and data annotation, querying, and 
exchange [26, 27]. One of the most prominent ontological proj-
ects in the biomedical realm is the Open Biomedical Ontologies 
library, a collection of ontologies largely constructed in a 
community- driven approach, whose developers commit to a com-
mon set of desiderata including openness, shared syntax, clear ver-
sioning, demarcated content, and clear definition [28]. The most 
well-known among these is the Gene Ontology, which represents 
gene/gene product activity in terms of biological processes in 
which they can participate, specific molecular functionalities they 
can possess, and cellular locations in which they can be active [29].

We have differentiated among lexicons, terminologies, and 
ontologies, but in actuality the distinctions among these are much 
fuzzier. Though lexicons and terminologies nominally focus on 
words and phrases, they commonly are semantically linked to other 
entries, and though ontologies focus on the representation of some 
portion of reality (or at least a conceptualization of some portion 
of reality), they commonly contain linguistic information such as 
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synonyms, alternate spellings, and abbreviations. In practice, these 
resources are often interchangeably referred to as lexicons, termi-
nologies, vocabularies, or ontologies, even by developers in refer-
ring to their own resources. In the NLP task that is the subject  
of this chapter, these resources serve essentially the same purpose of 
providing a vocabulary representing biomedical types. Lexical 
entries of lexicons, terms of terminologies, uniquely identified 
database entries, and classes of ontologies will be cumulatively 
referred to as concepts, and this discussion of concept mapping will 
focus on identifying mentions of these formally represented con-
cepts in natural-language documents, often as a key part of more 
sophisticated text-mining strategies.

3 Tools for Concept Mapping of Biomedical Text

As to the set of tools we have selected for inclusion in this discus-
sion, we have abided by several criteria. First, they must be generi-
cally capable of analyzing English biomedical text, i.e., either an 
arbitrary piece of text or a very broad range of biomedical text such 
as an arbitrary set of PubMed abstracts. They also must be capable 
of not only concept recognition (i.e., marking text spans as refer-
ring to categories of interest without specifying their identity) but 
also mapping of text spans to specific entries of one or more lexi-
cons, terminologies (including uniquely represented database 
entries), or ontologies. Additionally, this must be possible with text 
specified by users, not previously performed on a defined set of text 
with the results integrated into a wider system. Furthermore, they 
must be capable of concept mapping as an independent task that is 
not necessarily part of a more complex text-mining task (e.g., 
information extraction), as these more complex tasks will be dis-
cussed in subsequent chapters of this book. Finally, we only include 
tools that are publicly and freely available (via the Internet) and 
readily usable at the time of this writing; thus, published concept 
mapping research that is not available as a public tool but could 
conceivably be implemented by the user is not discussed here.  
We first discuss tools that map spans of text to a broad range of 
biomedical vocabularies and then present those that have been 
developed for more restricted sets of vocabularies.

MetaMap was one of the earliest biomedical concept-mapping 
tools; it has been widely used and is widely regarded as a gold stan-
dard for this task [30]. It is specifically designed to map textual 
mentions of concepts to entries of the UMLS Metathesaurus, a 
large, multipurpose, multilingual thesaurus of millions of biomedi-
cal and health-related concepts compiled from more than 100 
source vocabularies [31]. It is highly configurable in terms of data 
(e.g., choice of UMLS version), data model (e.g., types of filtering 

3.1 Tools That Map 
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of candidate mappings), output (e.g., hiding or displaying of 
semantic types and/or concept unique identifiers of mappings), 
and processing (e.g., types of lexical variants generated to be used 
in mappings). MetaMap is by design tightly tied to the UMLS, 
which results in straightforward mapping of text to UMLS con-
cepts; however, it relies on a dictionary in a specific format and  
on specific database tables, likely requiring major effort to map to 
other lexicons, terminologies, or ontologies. MetaMap is available 
as a Web interface, a Prolog program, a Java API, an Unstructured 
Information Management Architecture (UIMA) Annotator, or an 
SKR Web API.

mgrep is a command-line tool that searches text files for lines 
matching specified regular expressions [32]. It is similar to the 
popular Unix command grep and extends the latter’s single-line 
regular expressions to multiline patterns. Because it is designed to 
be fast, scalable, and highly customizable, it was chosen as the 
concept- mapping engine behind National Center for Biomedical 
Ontology (NCBO) Annotator (previously named Open Biomedical 
Annotator (OBA)) [33]. This tool is implemented as a Web service 
that annotates spans of user-submitted text with concepts of 
 user- selected terminologies and ontologies of the UMLS and/or 
those in the NCBO BioPortal, a Web portal providing access to 
 biomedical ontologies along with applications relying on them [6]. 
In addition to direct concept mapping, the user can direct the sys-
tem to also generate semantically expanded annotations, including 
annotations for all of a mapped concept’s ancestors, annotations 
based on semantic distance from mapped concepts, and annota-
tions based on existing mappings of concepts from different termi-
nologies or ontologies. Annotations can be outputted as text, in a 
tab-delimited format, XML, or OWL. A caveat to consider is the 
fact that although the user may select any combination of UMLS 
and/or BioPortal vocabularies for annotation, there is no way to 
specify the versions of these vocabularies to use; thus, if a selected 
vocabulary changes between two given annotation runs, the per-
formance and results of the annotation may change as well.

ConceptMapper [34] is designed to map spans of text to con-
cepts of terminologies and ontologies that the user must translate 
into dictionaries in a specific (and fairly basic) XML format. There 
are many configurable parameters, including those for processing 
the dictionary (e.g., behavior of attributes attached to dictionary 
entries), processing the text (e.g., mapping case sensitively or 
insensitively), dictionary lookup strategies (e.g., token order- 
independent lookup), and output. ConceptMapper is implemented 
as a component of the UIMA system [35], an open-source middle-
ware layer for text processing, and its output is in the form of 
UIMA annotations. Dictionary lookups are token-based and are 
applied within a specified context, which is typically a sentence but 
is configurable (e.g., to a noun phrase or a paragraph).
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Peregrine is a Java-based application that annotates text with a 
user-supplied ontology in the form of either a text file of a specific 
format or a relational database conforming to a specific schema;  
as with ConceptMapper, the user must translate the ontology/ 
terminology to be used into one of these specifically formatted 
forms if it is not already in such a form [36]. The concepts of this 
ontology/terminology are indexed by the system, which then 
splits the text into tokens, removes stop words, and attempts  
to match the longest possible text phrase to a concept. After the 
indexing engine returns results, several disambiguation procedures 
are attempted to determine if the results are correct in their respec-
tive contexts. Peregrine can be downloaded as .jar files or as Maven 
modules; its source code may also be checked out from its Sub-
version  repository. Since this system depends on LVG Norm, an 
application of the Lexical Tools package of the National Library  
of Medicine that can standardize variations of case and plurality/
singularity in English words [37], it must be downloaded and 
made accessible to Peregrine as well.

There are only a small number of formal evaluations of these 
concept-mapping tools. In an evaluation of MetaMap and mgrep, 
mgrep was seen to attain higher concept-mapping precision (likely 
at the expense of recall) and was judged to be more scalable and 
significantly faster; however, it generally found fewer unique con-
cepts than MetaMap and identified many redundant concepts 
(i.e., concepts annotating the same text span) [38]. In another 
evaluation of MetaMap and mgrep, mgrep again performed with 
higher precision and was significantly faster but found fewer 
unique concepts; this study also concluded that the mapping 
scores of MetaMap were more useful and that leveraging these 
scores could result in increased performance and usability [39].  
In a comprehensive evaluation involving over 1,000 parameter 
combinations for MetaMap, NCBO Annotator, and Concept 
Mapper, it was found that MetaMap attained the highest recall  
for five of the eight ontologies examined but performed at lower 
precision due to false positives generated; that NCBO Annotator 
attained the highest precision for four of the eight ontologies but 
performed at lower recall due to the fact that it cannot recognize 
plurals or other lexical variants of terms; and that ConceptMapper 
generally balanced precision and recall best of the three and 
attained the highest F-measure, i.e., the harmonic mean of 
 precision and recall [40], for seven of the eight ontologies [41]. 
Finally, in an evaluation of mapping of biomedical text to UMLS 
disease concepts, the performance statistics of Peregrine and 
MetaMap were quite close, the former better than the latter gen-
erally by small amounts as calculated for their annotations whose 
text spans exactly match those of the gold-standard corpus used in 
the evaluation [42].

Mapping of Biomedical Text to Concepts of Lexicons, Terminologies, and Ontologies
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In addition to tools such as those previously discussed that map 
text to a wide range of terminological resources, systems that can 
map inputted text to more restricted sets of terminological 
resources and export these annotations have been implemented.  
In particular, the centrality of macromolecular sequences in bio-
medical research has led to the development of several tools that 
map text to formally represented genes/gene products. GENO 
combines publicly available background knowledge and machine 
learning to map text mentions to the species-specific entries of  
the Entrez Gene database [43]; it is available as a remotely employ-
able UIMA Analysis Engine [44]. GNAT uses background knowl-
edge (e.g., mentions of species or cell lines in closely occurring 
text) to similarly map text mentions to Entrez Gene identifiers; it 
is available as an open-source Java library and as a remote Web 
service [45].

Several other publicly available systems outside the domain of 
genes/gene products also have been developed. LINNAEUS 
identifies mentions of organismal species in text and links them to 
NCBI Taxonomy entries [46]; it is available as a stand-alone soft-
ware system or as a server, and the annotations can be outputted  
as XML, HTML, and tab-delimited files or to a database [47]. The 
Open-Source Chemistry Analysis Routines (OSCAR) toolkit 
attempts to map all identified mentions of chemicals to concepts  
of the Chemical Entities of Biological Interest (ChEBI) ontology 
[48]; the most recent version, OSCAR4, is available as a Java 
library [49]. ChemSpot, also available as a Java library, also iden-
tifies mentions of chemicals and specifies those that were extracted 
by its dictionary component with identifiers of the Chemical 
Abstracts Service (CAS) Registry [50]; additionally, methods 
returning identifiers from other terminological resources, includ-
ing ChEBI, ChemIDplus [51], and PubChem [52], can be invoked 
for those annotations linked to CAS Registry identifiers [53]. 
Whatizit is a suite of Web service modules that can be invoked  
to annotate text with entries of ChEBI (via OSCAR3), UMLS 
 diseases (via MetaMap), DrugBank [54], the Gene Ontology, the 
NCBI Taxonomy, or UniProt/Swiss-Prot; input may be in the 
form of either Unicode-encoded text or a list of identifiers of 
PubMed articles, whose abstracts are analyzed [55].

Additionally, there exist several publicly available tools with 
which text of Web pages can be mapped to biomedical concepts 
and the annotations displayed to the user, principally for browsing 
purposes. The aforementioned Whatizit also offers a Web interface 
in which the user can specify text or PubMed article abstracts to be 
analyzed and have concept annotations subsequently rendered. 
GoPubMed is a Web server that is designed to allow the user to 
navigate PubMed abstracts by category; it creates and displays 

3.2 Tools that Map 
Biomedical Text  
to Concepts of More 
Restricted Sets  
of Vocabularies

Michael Bada
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Gene Ontology (GO) annotations of the text and presents the 
ontology, with which the user may explore abstracts with semantically 
related GO annotations [56]. Reflect can identify genes/gene 
products and small molecules in the text of an inputted URL; 
clicking on an annotated entity opens a pop-up window containing 
information gathered about the entity, including links to its repre-
sentation in prominent databases [57].

As an introduction for the computational biologist without a 
background in concept mapping of biomedical text, we present a 
brief guide to making use of NCBO Annotator. We briefly focus 
on this tool here because (a) it allows the user to submit arbitrary 
pieces of text for automatic annotation; (b) it allows the users to 
annotate their submitted documents with any selected combina-
tion of a large number of ontologies and terminologies (any OBO 
or UMLS ontology or terminology, amounting to 320 at the 
time of this writing); and (c) it requires the least overhead of 
any of the systems that can automatically annotate text with a 
wide range of ontologies and terminologies (as presented in 
Subheading 3).

The most straightforward way to make use of NCBO Annotator 
is through its Web interface at the NCBO BioPortal (http://bio-
portal. bioontology.org/annotator). The user can paste up to 500 
words directly into a text box and select any combination of OBO 
and/or UMLS ontologies and  terminologies and the level of 
ancestor concept annotations to include, if any. For each annota-
tion created, the tool indicates the concept used and its source 
ontology/terminology (along with hyperlinks to the BioPortal 
ontology browser), type of annotation (i.e., direct or ancestor), 
and textual context. These results can be outputted as a text docu-
ment, a file of comma-separated values, or an XML document.

Alternately, users can programmatically access NCBO 
Annotator through its API, with extensive documentation at 
http://data.bioontology.org/documentation#nav_home; 
included here are definitions of and possible values for all of the 
configurable annotation parameters as well as a description of the 
content of the Web service response. Additionally, the developers 
have provided examples for HTML, Java, Perl, Python, R, and 
Ruby clients; these are accessible from http://www.bioontology.
org/wiki/index.php/Annotator_Client_Examples. These are sim-
ple, working examples in which the user needs to only replace val-
ues for the text to be annotated, the set of ontologies/terminologies 
with which to annotate the text, and, if desired, values for the 
annotation parameters if different from the default settings. Note 
that to use this Web service, the user must have a BioPortal account; 
users may sign up (for free) at http://bioportal.bioontology.org/
accounts/new.

3.3 Getting Started 
with NCBO Annotator

Mapping of Biomedical Text to Concepts of Lexicons, Terminologies, and Ontologies
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4 Conclusions

Though there has been a significant amount of research, there are 
still a limited number of practical, publicly available tools for the 
mapping of biomedical text to specific concepts in lexicons, termi-
nologies, and ontologies.

For the annotation of text to a wide range of biomedical 
 terminological resources, the user can choose from MetaMap 
(available as a Web interface, a Prolog program, a Java API, a 
UIMA Annotator, or an SKR Web API), mgrep (via NCBO 
Annotator, available as a Web interface or through its API), 
ConceptMapper (available as a UIMA component), and Peregrine 
(available as a Java-based application). ConceptMapper and 
Peregrine can map text to any terminological resource provided 
the user converts it into a dictionary of a specified format (or, for 
Peregrine, a database of a specified schema), while NCBO 
Annotator can annotate with any vocabulary in the UMLS or the 
NCBO BioPortal and MetaMap only to those vocabularies within 
the UMLS (without significant additional effort). Among 
MetaMap and mgrep, mgrep has been shown to be more precise 
at the expense of recall, while MetaMap with its higher recall finds 
more correct unique concepts. ConceptMapper has been found to 
generally balance precision and recall better and therefore attain 
higher F-measure scores than MetaMap and mgrep. For projects 
for which speed and/or scalability are concerns, mgrep is signifi-
cantly faster than MetaMap.

A small number of publicly available tools that map text to 
more restricted sets of lexicons, terminologies, and ontologies have 
also been developed. Both GNAT, available as either a Java library 
or a Web service, and GENO, available as a UIMA Analysis Engine, 
map mentions of genes/gene products to entries of the Entrez 
Gene database. LINNAEUS, available as a stand-alone software 
system or as a server, maps species mentions to NCBI Taxonomy 
entries. OSCAR4 attempts to map chemical mentions to concepts 
of the ChEBI ontology, while ChemSpot annotates chemical men-
tions with CAS Registry identifiers (and indirectly to other 
resources as well, including ChEBI, ChemIDplus, and PubChem); 
both are available as Java libraries. Whatizit is a suite of Web service 
modules that can be invoked to annotate text with entries of 
ChEBI (via OSCAR3), UMLS diseases (via MetaMap), DrugBank, 
the Gene Ontology, the NCBI Taxonomy, and UniProt/Swiss- Prot. 
Finally, several tools can render concept mappings of text primarily 
for Web browsing; in addition to Whatizit, these include 
GoPubMed, which creates and displays Gene Ontology annota-
tions of PubMed abstracts, and Reflect, which links identified 
genes/gene products and small molecules to prominent databases 
in Web text.

Michael Bada
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In addition to the limited number of publicly available 
 ready-to- use tools, there is ongoing research in the annotation of 
biomedical text with concepts from lexicons, terminologies, and 
ontologies. Researchers can take advantage of recent gold-standard 
corpora annotated with formally represented biomedical concepts 
such as the CRAFT Corpus to guide the development of such sys-
tems, though it is likely that different strategies will be needed to 
maximize performance of mapping to vocabularies of different 
domains. Only with effective automatic concept-mapping tools 
will systems be able to scalably analyze the biomedical literature 
and other large sets of documents as a fundamental part of more 
complex text-mining tasks such as information extraction and 
hypothesis evaluation and generation.
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Chapter 4

Text Mining for Drug–Drug Interaction

Heng-Yi Wu, Chien-Wei Chiang, and Lang Li

Abstract

In order to understand the mechanisms of drug–drug interaction (DDI), the study of pharmacokinetics 
(PK), pharmacodynamics (PD), and pharmacogenetics (PG) data are significant. In recent years, drug PK 
parameters, drug interaction parameters, and PG data have been unevenly collected in different databases 
and published extensively in literature. Also the lack of an appropriate PK ontology and a well-annotated 
PK corpus, which provide the background knowledge and the criteria of determining DDI, respectively, 
lead to the difficulty of developing DDI text mining tools for PK data collection from the literature and 
data integration from multiple databases.

To conquer the issues, we constructed a comprehensive pharmacokinetics ontology. It includes all 
aspects of in vitro pharmacokinetics experiments, in vivo pharmacokinetics studies, as well as drug metabo-
lism and transportation enzymes. Using our pharmacokinetics ontology, a PK corpus was constructed to 
present four classes of pharmacokinetics abstracts: in vivo pharmacokinetics studies, in vivo pharmacoge-
netic studies, in vivo drug interaction studies, and in vitro drug interaction studies. A novel hierarchical 
three-level annotation scheme was proposed and implemented to tag key terms, drug interaction  sentences, 
and drug interaction pairs. The utility of the pharmacokinetics ontology was demonstrated by annotating 
three pharmacokinetics studies; and the utility of the PK corpus was demonstrated by a drug interaction 
extraction text mining analysis.

The pharmacokinetics ontology annotates both in vitro pharmacokinetics experiments and in vivo 
pharmacokinetics studies. The PK corpus is a highly valuable resource for the text mining of pharmacoki-
netics parameters and drug interactions.

Key words Pharmacokinetics, Pharmacodynamics, Drug–drug interaction, Text mining, Corpus, 
Ontology, Relation extraction, Enzyme, Transporter

1 Introduction

Adverse drug reaction (ADR) is one of the major causes of 
 morbidity and mortality occurring in clinical care every year.  
To investigate the crucial problem, the US Food and Drug 
Administration (FDA) found that more than 40 % of the US pop-
ulation is prescribed more than four medications at a single time, 
which makes them more susceptible to ADR [1]. A literature 
search in Medline and Embase database from 1990 to 2006 
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showed that drug–drug interactions (DDIs) were held responsible 
for 0.054 % of the emergency department (ED) visits, 0.57 % of 
the hospital admissions, and 0.12 % of the re-hospitalizations [2]. 
It is possible that drug interaction can be beneficial or detrimental. 
The use of multiple drugs might provide synergism such as 
increasing the efficacy of therapeutic effect, decreasing dosage 
but holding the same efficacy to avoid toxicity, or minimizing the 
drug resistance [3]. However, we have more interests in the 
investigation of negative interaction because pathological signifi-
cance is often unexpected and hard to be diagnosed. To predis-
pose DDI, the importance of high-risk factors like age, 
polypharmacy, and genetic polymorphisms should be carefully 
evaluated [4]. In the elder population, DDIs account for 4.8 % of 
the hospital admissions, which is much higher than the propor-
tion of DDI victims within the total population. The reason is 
directed to the abatement of liver metabolism or kidney function 
[5, 6]. Genetic polymorphism has profound influence on enzyme 
function, which might result in increased drug metabolism and 
absence of drug response. Evidences [7] suggested that patients 
affected by genetic polymorphisms will experience severe toxici-
ties upon drug intake.

For economic aspect, the problem of DDI effect or co- 
medication effect has scaled such heights that it has even led to 
withdrawing of drugs from the market after approval. The 1990s 
saw the withdrawal of more than 11 drugs as shown in ref. 8.  
In 2007, the biopharmaceutical industry invested roundabout 
$58.8 billion for the research and development as the withdrawing 
of drugs [9] is a major setback to the industry as the deployment 
of a single drug compound is estimated at $200 million.

DDI can result when a substance affects the activity of a drug or its 
metabolites when these two drugs are administrated at the same 
time. The simultaneous administration of two drugs, which causes 
synergistic or antagonistic effect, might lead to the alternation of 
medication effectiveness or some harming effects on patient body. 
Those potential influences on human body should be noticed to 
prevent from a high risk of multiple interactions because the num-
ber of approved drugs increases. To preclude the possibility of 
 hazardous interaction, understanding the significant scientific prin-
ciples or mechanisms of DDI is important.

Due to the continued growth in drug development and the 
insight into molecular biology, we come to realize that transporter 
and enzyme played an important role in drug elimination, which 
inspired a clue to dig the mechanisms surrounding DDI. In brief, 
there are two major molecular mechanisms of DDI, enzyme-based 
drug metabolism and transporter-based drug transportation [10]. 

1.1 Drug–Drug 
Interaction 
Mechanisms and In 
Vitro and In Vivo Drug 
Interaction Studies

Heng-Yi Wu et al.
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If an enzyme that is responsible for the metabolism of one drug is 
induced or inhibited by another drug, then the clearance of original 
drug will be changed, which might result in being toxic or less 
effective. For transporter- based drug transportation, transporter is 
important to drug deposition. Drugs can be metabolized only after 
they are transported into liver cells. To understand how a trans-
porter-mediated DDI happens, the knowledge of the transporter 
substrates and inhibitors can suggest potential DDIs [11].

There are two basic types of drug interaction, pharmacoki-
netics (PK) and pharmacodynamics (PD). In short, PK investigates 
the activity of drug combinations with drug absorption, disposi-
tion, metabolism, excretion, and transportation (ADMET), which 
describes how these five criteria influence drug level (concen-
tration). Pharmacokinetically speaking, potentiative or reductive 
combinations are, respectively, correlated to positive or negative 
modulation of drug transport, permeation, distribution, localiza-
tion, or metabolism. Potentiative modulation of drug transport 
will enhance drug absorption via the disruption of transport carrier, 
increase drug concentration in plasma by inhibiting metabolic 
process, and stimulate or inhibit the metabolism of drugs into 
active or inactive form. On the other hand, reductive modulation 
provides contrasting perspectives to potentiative modulation. The 
reductive modulation of drug transport typically blocks drug 
absorption, decreases drug concentration in plasma, and reduces 
drug metabolism activity [12]. Those information brings to sys-
tematically investigate the physiological and biochemical mecha-
nisms of drug exposure in multiple tissue types, cells, animals, and 
human subjects [13], which links preclinical and clinical phase of 
drug development. If the PK can be interpreted as the dose–
concentration relationship, pharmacodynamics (PD) can be 
defined as the mechanism of drug action and relationship between 
drug concentration and effect. A drug’s pharmacodynamics 
effect ranges widely from the molecular signals (such as its targets 
or downstream biomarkers) to clinical symptoms (such as the 
efficacy or side effect endpoints). Classification of its therapeutic 
effects: It can be synergistic, additive, or antagonistic if the effect is 
greater than, equal to, or less than the summed effects of drug 
combinations [12].

As stated in the previous section, the complicated transporter–
enzyme interplay in the deposition of drug leads to the difficulty 
for the identification of DDIs in drug administration and drug 
development. Thus, understanding the molecular mechanism 
underlying different types of drug interaction could facilitate the 
discovery of novel DDI. Recently, in vitro technologies can quali-
tatively provide an insight into the potential DDI based on the 
observation of enzyme kinetic parameters. Via ADME screening 
efforts as well as the assessment of CYP inhibition, the choice of 
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test compound inhibiting the metabolism of one probe substrate 
for an enzyme in the in vitro experiment can be fulfilled to carry 
out the prediction of in vivo DDI. Wienkers and Heath [14] 
addressed the basic principles of in vitro inhibition prediction 
underlying the generation of in vitro drug metabolism data and 
suggested several factors that introduced error or uncertainty into 
a quantitative prediction of in vivo DDI based on in vitro-derived 
PK parameters. In ref. 15, three factors authors recommended for 
the ideal model to predict metabolic drug–drug interaction 
(M-DDI) should be an accurate measurement of the average 
increase in the area under the plasma concentration–time curve 
(AUC) of a victim drug following administration of a perpetrator 
drug, the plasma binding displacement interaction, and the impact 
of the concentration–time profile of the inhibitor. To evaluate the 
potential for M-DDI [15] developed an in silico software SIMCYP, 
which incorporates extensive data on demographics; disease states; 
anatomical, physiological, genetic, and biochemical variables; and 
input of information on in vitro drug metabolism and transport.

The evaluation of the potential risk of DDI is of importance in 
patient safety since DDIs can raise the danger of patients and the 
cost of healthcare system. According to the guidance for industry 
from the Food and Drug Administration [16], study design, data 
analysis, and implication for dosing and labeling are suggested to 
deal with drug interaction studies. When studying DDI for a new 
drug, it usually begins with in vitro study to determine whether a 
drug is a substrate, inhibitor, or inducer of metabolizing enzymes. 
The consequence of in vitro investigations can serve as an evidence 
to screen out the candidate potential drug pairs for additional in 
vivo study. To conduct an in vivo DDI study for an investigating 
drug, a quantitative analysis to mathematically describe the kinetics 
of drug metabolism involved in ADME process is needed. The 
basic model for the initial assessment of DDI based on in vitro and 
in vivo studies can be achieved by physiologically based pharmaco-
kinetics (PBPK) modeling. From published in vitro experiments 
and in vivo studies [17–24] had developed Bayesian models and 
computational algorithms to construct PBPK models for DDI 
prediction.

Another common way to explore novel DDI is literature-based 
discovery. The hidden knowledge among information embedded 
in publications can be dug out through finding connections 
between articles. To this end, many researchers took advantage  
of some commercial or public databases as resource, such as 
Metabolism and Transport Drug Interaction Database (DIDB) 
[25], PharGKB [26], and DrugBank [27] which provided exten-
sive lists of DDI information published in articles, clinical files,  
or biomedical research reports. Gottlieb et al. [28] proposed a 
computational framework INDI to infer and explore DDI by 
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 calculating similarity measurement between drug pair via diverse 
feature measurements, i.e., chemical based, ligand based, side effect 
based, annotation based, and sequence based. However, the prob-
lem of data inconsistency arose when using different databases. 
Some significant scientific evidences associated with DDI are lim-
ited or lacking in some existing databases. This deficiency is hard to 
prevent because the tasks of data collections are manually accom-
plished by different research groups or professional experts. To 
conquer this problem, employing the technologies from informa-
tion retrieval (IR) or natural language processing (NLP) can be a 
solution to help extract data more efficiently and consistently.

Text mining refers to the process of deriving high-quality informa-
tion from text, which relies on NLP. To translate the text into 
computer-readable language, there are some basic steps of NLP 
[29], including sentence splitting, tokenization, part of speech, 
named entity recognition (NER), shallow parsing, and syntactic 
parsing. In this section, we do not go into the details of techniques 
for NLP tools. The attentions will be paid more on the tasks of 
corpus construction, IR, or information extraction (IE), which 
employs highly scalable statistics-based techniques to index and 
search large volume of text efficiently.

Extracting facts from texts is the goal of text-mining systems. 
The range of extraction tasks can be narrow from retrieving poten-
tially relevant articles by sophisticated keyword search or classifying 
papers into different ontological types (IR), recognizing biological 
entities or concepts in text, and detecting relations between bio-
logical entities (IE) and broader to document summarization or 
question answering (beyond IE) [30]. To fulfill those tasks in bio-
medical domain, NER is an initial processing step because the 
 significant knowledge is usually centered on the mechanism of bio-
logical activities which are described by nominalized verbs and 
nouns within sentences. Therefore, identifying text that satisfies 
various types of information needs is an important first step toward 
accurate text mining. But how to utilize the identified entities for 
improving text mining is challenging. One solution to this prob-
lem is an annotated corpus. The corpus annotated with such infor-
mation allows real usage within text to be taken into account. The 
annotated sentence then can be represented in syntactic and 
semantic format, which shows the different levels of scientific 
 characteristics. However, the strategy of constructing corpus is 
diverse. It differs with the purpose of text mining task and the 
methodology we used in extracting information. Kim et al. [31] 
introduces GENIA corpus with linguistically rich annotations for 
biomedical articles. The value of GENIA corpus comes from its 
annotations. All biologically meaningful terms are semantically 
annotated with descriptors from GENIA ontology. Wilbur et al. 
[32] suggest the basic guideline and criteria of corpus construction 
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and annotation task for facilitating the training components of IE 
system by using machine learning method. Another value of anno-
tated corpus is being a gold standard that facilitates the evaluation 
of approach. The success of practical applications crucially depends 
on the quality of extraction results, which is against the access of 
gold standard reference.

Within IE methods, we are more interested in relationship extrac-
tion. The goal of relationship extraction is to detect the prespeci-
fied type of relation between a pair of entities of given types.  
A relation is typically represented as a pair of entities, linked by an 
arc that is either directed or undirected. The arc is given a label 
usually corresponding to a semantic type. In biology, the type of 
entities can be very specific such as gene, protein, or drug, while 
the type of relationship can be referred from some particular verbs, 
including transcribe, repress, or inhibit.

To effectively extract relationship, analysis of sentence struc-
ture is necessary. The use of semantic processing or deep parsing 
techniques that analyze both the syntactic and semantic structure 
of texts can benefit relation extraction. Several approaches had 
been reported in literature to extract the relation of interest. 
Generally, there are three main approaches for relationship extrac-
tion: co-occurrence-based, rule-based, and machine learning  
based approaches. Muller et al. [33] employ co-occurrence-based 
method, which is the simplest way to capture relationships relying 
on co-occurrence of two entities to derive a relation. Rule-based 
approaches [34, 35] are to take advantage of linguistic technology 
to grasp syntactic structure or semantic meaning for understanding 
the relationship from the unstructured text. Feldman et al. [34] 
employed an NP1–verb–NP2 template to identify the relation 
between two domain-specific entities. Fundel et al. [35] con-
structed a set of domain-specific rules and apply them to depen-
dency parse tree to capture different forms of expressing a given 
relationship. Finally, classifiers using machine learning approaches 
such as support vector machines (SVM) [36] are often used for 
relation extraction. This method needs laborious efforts to define 
grammars or rules, and text in training dataset is manually tagged 
by a human expert. This text mining method uses the training data 
to automatically learn the “rules” so it can mine wanted informa-
tion or identify the necessary knowledge [37–40].

The comparison among different methods is not easy because 
each method obtains its inherited pros and cons. Co-occurrence 
method provides the highest recall but poor precision among 
three. A large amount of false-positive relations are returned when-
ever the sentence is sophisticated with more than two entities or 
two key entities co-occurred in each single sentence but it does not 
state their relationship. Thus, co-occurrence method is more suit-
able to use as a simple baseline method for performance  comparison. 

1.2.3 Relationship 
Extraction

Heng-Yi Wu et al.



53

Rule-based method achieves better precision in extracting binary 
relationships due to the more precise rule conditions for defining 
relationship. But when it meets the complex  sentence with various 
coordinates and relational clauses, the performance turns down 
obviously [41]. In general, machine learning-based method per-
forms the best among methods. As an evidence in BioCreative 
challenge [42], the frameworks using supervised machine learning 
algorithm outperformed the existing methods in detecting pro-
tein–protein interaction (PPI). One important advantage is that 
system can predict categories for unseen samples. However, this 
advantage is heavily relying on annotated corpus [43]. Therefore, 
it can also be a big disadvantage because of the need for huge 
learning set.

Different approaches had been developed for extracting  biomedical 
relationships such as PPI. From the experience of previous 
researches centered on PPI [36–40], few approaches have been 
proposed to the problem of detecting DDI. To promote the devel-
opment of DDI extraction tools, DDIExtraction 2011, the first 
challenge task on DDI extraction, was held in 2011 at Spain. In 
this workshop, they provided evidence for the most effective meth-
ods available to solve specific problems and reveal the performance 
on these problems. In competition, most participants proposed 
systems using classifiers SVM or RLS. Their choices verified that 
machine learning can outperform other methods in relation extrac-
tion. Observed from results, approaches based on kernel methods 
achieved better performance than the classical feature-based meth-
ods [44]. Thus, the advantages of kernel-based method using 
machine learning classifier are spotlighted in this workshop.

In literature, some articles are outstanding in DDI extraction. 
The co-chairs of DDIExtraction 2011 [43] proposed a hybrid 
approach, which combines shallow parsing and pattern matching  
to extract relation between drugs based on annotated corpus.  
It utilizes the proposed syntactic patterns to split the sentence into 
clauses from which relations are extracted by matching patterns. 
The ability of dealing with complicated sentence is the advantage of 
this method. Complexity can be diminished by separating a long 
sentence into simplified clauses and by the detection of the apposi-
tion and coordinate structure. But there is one gap in the extra ction 
of DDI information if used in pharmacokinetics or pharmacogenet-
ics articles. Only exploring DDI based on literal denotation will 
lead to the missing detection of actual DDI information due to the 
lack of scientific knowledge. In ref. 45, DDIs are identified by 
aggregating gene–drug interactions which are extracted via rule-
based method. The extracted interactions are then normalized and 
mapped into their standardized ontology to form the semantics 
network. The network could be useful to find potential DDIs. 
Differed from Percha et al. [45] who extracted DDI via the 
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perspective of pharmacogenetics, Teri et al. [46] developed a 
method that combined text mining and automated reasoning to 
predict enzyme specific DDIs. In most situations, the extracted 
relations from the results of conventional relation extraction are not 
sufficient to derive DDI. By representing the general knowledge 
related to metabolism and interaction with the form of logic rules, 
DDI can be acquired in the reasoning phase.

2 Materials

For PK DDI text mining, the materials for the construction of PK 
ontology are prepared. A descriptor from specialized ontology can 
be used to describe the environment of PK experiments (in vivo 
and in vitro) and the nature of drug mechanisms (all drug metabo-
lism and transportation enzymes.

For drug name, the dictionary is created using drug names 
from DrugBank 3.0 [27]. DrugBank consists of 6,829 drugs which 
can be grouped into different categories of FDA-approved, FDA- 
approved biotech, nutraceuticals, and experimental drugs. The drug 
names are mapped to generic names, brand names, and synonyms. 
The environment condition-specific in vitro PK experiment and 
their associated PK parameters are referred from [47–50]. The 
materials for in vivo study are summarized from two textbooks 
[13, 51]. The information of tissue-specific transporters and 
enzymes with all their probe inhibitors, inducers, and substrates were 
collected from industry standard (http://www.fda.gov/Drugs/ 
GuidanceComplianceRegulatoryInformation/Guidances/
ucm064982.htm), reviewed in the top pharmacology journal [16].

3 Methods

To extract PK DDI by text-mining system, there are three 
 noteworthy issues we should carefully deal with. (1) Recognition 
of drug name is one of the most salient issues in DDI text mining. 
Without satisfied performance in tagging drug name, false-positive 
or missing detection eliminates the accuracy of DDI results. Unlike 
gene’s or protein’s name, the representations of drug name are 
more sophisticated. The same drug may show in different docu-
ments with a number of ways, especially for metabolites of a 
 compound [52]. The diversity of naming conventions perplexes 
the identification of drug names in pharmacokinetics articles.  
(2) Ontology is the main repository of formally represented knowl-
edge for DDI text-mining system. The hierarchical repository 
 provides a framework for knowledge integration and sharing, 
which give machine-readable descriptors of biomedical concepts 
and their relations. The challenge for ontology construction is to 
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develop appropriate ontology resources and link them to adequate 
terminological lexicons [53]. (3) Corpus construction is essential 
to make text mining successful. It is not possible for a machine to 
capture useful information from text data written in natural lan-
guage directly. To bridge the gap between text data and machine, 
corpus creates the accessibility for computer to read text data 
 precisely [31, 54]. Another important issue within corpus is the 
scheme of biological annotation. The task of annotation can be 
regarded as identifying and classifying entities or sentences accord-
ing to predefined categories. A well-defined scheme for annotation 
task is indispensable to corpus construction.

An ideal system for PK DDI extraction should provide not 
only a comprehensive list of DDIs in a cost-efficient manner but 
also the mechanism behind interactions. In current DDI extraction 
methods, most researches extract DDIs centering on exploring the 
semantics of sentence. Given a sentence with at least two drugs, 
they analyze sentence structure and identify drug entities and trig-
ger words (e.g., verbs like inhibit or induce) to accomplish this 
task. However, in most situations, complete DDI information is 
presented in complicated ways with more than a single sentence. 
More concrete DDI conditions such as experimental measure-
ments might be mentioned in those sentences which only have a 
single drug. For instance, the way to express DDI information in 
pharmacokinetics articles is quite different from that in pharmaco-
dynamics articles. The sentence only with a single drug frequently 
mentions its corresponding PK parameters or other measurements, 
which show the practical conditions for drug metabolism. The 
merit of those parameters gives the clue to determine inhibition or 
induction of DDI as well as provides a criterion to exam the reli-
ability of found DDIs.

To meet the abovementioned issues, this chapter tries to pro-
pose a system to detect DDI information not only from narrative 
sentences but also in those sentences with a single drug, which 
contains possible DDI candidate. Besides detecting DDI pairs 
from sentence structure, considering PK parameter as an evidence 
to determine DDI is important in our strategy. In the following 
sections, we carefully discuss how the task of drug name mapping 
works, the construction of an integrated pharmacokinetics ontol-
ogy and corpus for text-mining system, and finally how to apply 
them in the text-mining system.

To detect the name by using NER, the performance of DDI extra-
ction matters if the accuracy of drug name identification is not 
satisfied [52].

Drug names were created using the drug names from 
DrugBank 3.0 [27]. DrugBank consists of 6,829 chemicals with 
unique DrugBank ID which can be grouped into different catego-
ries of FDA-approved, FDA-approved biotech, nutraceuticals, and 
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experimental drugs. The chemicals are mapped to generic names, 
brand names, and synonyms which results in 36,433 unique 
DrugBank ID–name pairs. 315 names in DrugBank have less than 
4 letters such as chloramphenicol, DB0046 has a synonym CAP, 
and cholecalciferol, DB00169 has a synonym CC. The words with 
less than four letters may cause bad NER; therefore, they were 
removed.

In addition, drug metabolites were also tagged, because they 
are important in in vitro studies. The metabolites were judged by 
either prefix or suffix: oxi, hydroxyl, methyl, acetyl, N-dealkyl, 
N-demethyl, nor, dihydroxy, O-dealkyl, and sulfo. These prefixes 
and suffixes are due to the reactions due to phase I metabolism 
(oxidation, reduction, hydrolysis) and phase II metabolism (meth-
ylation, sulfation, acetylation, glucuronidation) [55].

The motivation for ontology in biomedical text mining is to make 
sense of raw text. According to the defined concepts, properties, 
relationships, instances, and axioms for a given domain, raw text 
can be interpreted by the descriptors of ontology with a standard-
ized format and organized into hierarchical structure. Such advan-
tages allow complex text to be represented with semantic and 
consistent manner [56].

The process of building ontology is a complex and tedious 
process. Various domain-specific resources and lexicons are 
required to satisfy the needs of a text-mining system using in a 
specific scope. According to the introduction of DDI mechanism 
we mentioned in Subheading 1.1, the domain of PK DDI is con-
cerned with the process of drug disposition within the organism, 
the response of drug level, and the kinetics of drug exposure to 
different tissue types. Even in different experimental studies, DDI 
is defined with distinct measurements. However, no single system 
is currently capable of covering a complete domain for all aspects. 
For this reason, we introduce an integrated PK ontology which is 
composed of several components: experiment, metabolism enzyme, 
transporter, drug, and subject. In this work, the primary contri-
bution is the ontology development for the PK experiment and 
 integration of the PK experiment ontology with other PK-related 
ontologies.

Experiment specifies in vitro and in vivo PK studies and their asso-
ciated PK parameters. The definitions and units for both in vitro or 
in vivo PK parameters and their corresponding experiment condi-
tions should be included.

Within different types of in vitro PK experiments, different in 
vitro PK parameters are employed.

 ● Single-drug metabolism experiment includes Michaelis–Menten 
constant (Km), maximum velocity of the enzyme activity (Vmax), 
intrinsic clearance (CLint), metabolic ratio, and fraction of 
metabolism by an enzyme (fmenzyme) [47].

3.2 PK Ontology 
Construction
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 ● Single-drug transporter experiment: PK parameters include 
apparent permeability (Papp), ratio of the basolateral to apical 
permeability and apical to basolateral permeability (Re), radio-
activity, and uptake volume [57].

 ● Drug interaction experiment: IC50 is the inhibition  concentration 
that inhibits to 50 % enzyme activity; it is substrate dependent; 
and it does not imply the inhibition mechanism. Ki is the inhi-
bition rate constant for competitive inhibition, noncompetitive 
inhibition, and uncompetitive inhibition. It represents the 
inhibition concentration that inhibits to 50 % enzyme activity, 
and it is substrate concentration independent. Kdeg is the deg-
radation rate constant for the enzyme. KI is the concentration 
of inhibitor associated with half maximal inactivation in the 
mechanism-based inhibition; and Kinact is the maximum degra-
dation rate constant in the presence of a high concentration of 
inhibitor in the mechanism-based inhibition. Emax is the maxi-
mum induction rate, and EC50 is the concentration of inducer 
that is associated with the half maximal induction [15].

 ● Type of drug interaction: There are multiple drug interaction 
mechanisms, including competitive inhibition, noncompetitive 
inhibition, uncompetitive inhibition, mechanism-based inhibi-
tion, and induction [15].

For in vitro experiment conditions, metabolism enzyme, trans-
porter, and some other factors should be considered.

 ● Metabolism enzyme experiment conditions include buffer, 
NADPH sources, and protein sources. In particular, protein 
sources include recombinant enzymes, microsomes, and hepa-
tocytes. Sometimes, genotype information is available for the 
microsome or the hepatocyte samples.

 ● Transporter experiment conditions include bidirectional trans-
porter, uptake/efflux, and ATPase.

 ● Other factors of in vitro experiments include preincubation 
time, incubation time, quantification methods, sample size, 
and data analysis methods.

All these information can be found in the FDA website 
(http://www.abclabs.com/Portals/0/FDAGuidance_DraftDrug 
InteractionStudies2006.pdf).

Differed from in vitro study, in vivo refers to experimentation 
using a whole, living organism such that its experiment condition 
and parameters are quite different. Within in vivo study, in vivo PK 
parameters, pharmacokinetics models, study designs, and quantifi-
cation methods are the key components to investigate an in vivo 
experiment.

 ● All of the information for in vivo PK parameters is summarized 
from two text books [13, 51]. There are several main classes of 
PK parameters. Area under the concentration curve parameters 
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are AUCinf, AUCSS, AUCt, and AUMC; drug clearance param-
eters are CL, CLb, CLu, CLH, CLR, CLpo, CLIV, CLint, and 
CL12; drug concentration parameters are Cmax and CSS; 
 extraction ratio and bioavailability parameters are E, EH, F, FG, 
FH, FR, fe, and fm; rate constants include elimination rate con-
stant k, absorption rate constant ka, urinary excretion rate con-
stant ke, Michaelis–Menten constant Km, distribution rate 
constants (k12, k21), and two rate constants in the two-compart-
ment model (λ1, λ2); blood flow rate (Q, QH); time parameters 
(tmax, t1/2); volume distribution parameters (V, Vb, V1, V2, Vss); 
maximum rate of metabolism, Vmax; and ratios of PK parame-
ters that present the extent of the drug interaction (AUCR, CL 
ratio, Cmax ratio, Css ratio, t1/2 ratio).

 ● Two types of pharmacokinetics models are usually presented in 
the literature: non-compartment model and one- or two- 
compartment models.

 ● The design strategies are very diverse: single arm or multiple 
arms, crossover or fixed-order design, with or without ran-
domization, with or without stratification, pre-screening or no 
 pre-screening based on genetic information, prospective or 
retrospective studies, and case reports or cohort studies. The 
sample size includes the number of subjects and the number of 
plasma or urine samples per subject. The time points include 
sampling time points and dosing time points. The sample type 
includes blood, plasma, and urine. The hypotheses include  
the effect of bioequivalence, drug interaction, pharmacogenet-
ics, and disease conditions on a drug’s PK.

 ● The drug quantification methods include HPLC/UV, LC/
MS/MS, LC/MS, and radiographic.

Metabolism enzyme: The cytochrome P450 (officially abbreviated 
as CYP) enzymes predominantly exist in the gut wall and liver. The 
CYP450 superfamily is a large and diverse group of enzymes that 
catalyze the oxidation of organic substances. The substrates of 
CYP enzymes include metabolic intermediates such as lipids and 
steroidal hormones as well as xenobiotic substances such as drugs 
and other toxic chemicals. CYPs are the major enzymes involved in 
drug metabolism and bioactivation, accounting for about 75 % of 
the total number of different metabolic reactions [58]. CYP 
enzyme names and genetic variants were mapped from the Human 
Cytochrome P450 (CYP) Allele Nomenclature Database (http://
www.cypalleles.ki.se/). This site contains the CYP450 genetic 
mutation effect on the protein sequence and enzyme activity with 
associated references.

In the pharmacology research, probe drug is another impor-
tant concept. An enzyme’s probe substrate means that this  substrate 
is primarily metabolized or transported by this enzyme. In order to 
experimentally prove whether a new drug inhibits or induces  
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an enzyme, its probe substrate is always utilized to demonstrate 
this enzyme’s activity before and after inhibition or  induction.  
An enzyme’s probe inhibitor or inducer means that it inhibits or 
induces this enzyme primarily. Similarly, an enzyme’s probe inhibi-
tor needs to be utilized if we investigate whether a drug is metabo-
lized by this enzyme. Due to its importance, all the probe inhibitors, 
inducers, and substrates of CYP enzymes are also included in our 
PK ontology. All this information was collected from industry stan-
dard (http://www.fda.gov/Drugs/GuidanceComplianceRegulatory 
Information/Guidances/ucm064982.htm), reviewed in the top 
pharmacology journal [16].

Transporters are tissue specific. With different aliases, their tissue- 
specific transports and corresponding functions are different. 
Transport proteins are proteins which serve the function of moving 
other materials within an organism. Transport proteins are vital to 
the growth and life of all living things. Transport proteins are 
involved in the movement of ions, small molecules, or macromol-
ecules, such as another protein, across a biological membrane. 
They are integral membrane proteins; that is, they exist within and 
span the membrane across which they transport substances. Their 
names and genetic variants were mapped from the Transporter 
Classification Database (http://www.tcdb.org). In addition, we 
also added the probe substrates and probe inhibitors and inducers 
to each one of the metabolism and transportation enzymes [16].

Drug names were created using the drug names from DrugBank 
3.0 [27]. DrugBank consists of 6,829 drugs which can be grouped 
into different categories of FDA-approved, FDA-approved  biotech, 
nutraceuticals, and experimental drugs. The drug names are 
mapped to generic names, brand names, and synonyms.

Subject included the existing ontologies for human disease ontol-
ogy (DOID), suggested Ontology for Pharmacogenomics 
(SOPHARM), and mammalian phenotype (MP) from http:// 
bioportal.bioontology.org.

The PK ontology was implemented with Protégé [59] and 
uploaded to the BioPortal ontology platform.

Corpus is the key component to make NLP technologies successfully 
applied to text. To materialize text into computer-readable format, 
two types of annotations are needed, biological annotation and 
 linguistic annotation [54]. Biological annotation belongs to event 
annotation, which identifies the location of biological information in 
the article. The scope of biological annotation can be narrowed down 
at single biological terms or broadened to include a whole sentence, 
which describes a biological event. Practically, event annotations are 
more complicated than term annotations. Term annotation only 
needs the terms to be annotated and  hierarchically organized into 
categories. Unlike term annotation, an event has its own internal 
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structure and it also involves biological entities (from term  annotation) 
as its participants. Therefore, well- defined conditions to call biological 
events are required. On the other hand, linguistic annotation gives 
linguistic parsing such as POS or syntactic trees to know the type and 
role of term in natural language. The main purpose of linguistic anno-
tation is to use it in the study of language through analysis of natural-
occurring data. It involves computational methods and tools for 
analyzing linguistic pattern IR based on annotated corpora.

Most existing DDI extraction methods are designed to capture 
pairs of drugs that have the relation of interaction via semantic 
interpretation. There is one gap if we continue to use the same 
method for extracting DDI information from a pharmacokinetics 
perspective. The gap comes from the lack of knowledge to define a 
PK DDI. Pharmacokinetics parameters and knowledge from in 
vitro and in vivo DDI experimental designs, especially the selection 
of enzyme-specific probe substrates and inhibitors, should be con-
sidered. For instance, important pharmacokinetic parameters such 
as Ki, IC50, and AUCR have not been included in the existing text 
mining approaches to DDI. This kind of pharmacokinetic informa-
tion may be particularly relevant when seeking evidence of causal 
mechanisms behind DDIs and as a complement to DDI text min-
ing of patient records.

A PK abstract corpus was constructed to cover four primary classes 
of PK studies: clinical PK studies (n = 56); clinical pharmacogenetic 
studies (n = 57); in vivo DDI studies (n = 218); and in vitro drug 
interaction studies (n = 210). The PK corpus construction is a man-
ual process. The abstracts of clinical PK studies related to the most 
popular CYP3A substrate, midazolam, were investigated [60]. The 
clinical pharmacogenetic abstracts were selected based on the most 
polymorphic CYP enzyme, CYP2D6. We think that these two 
selection strategies represent very well all the in vivo PK and PG 
studies. In searching for the drug interaction studies, the abstracts 
were randomly selected from a PubMed query, which used probe 
substrates/inhibitors/inducers for metabolism enzymes.

Once the abstracts have been identified in four classes, their 
annotation is a manual process (Fig. 1). The annotation was firstly 
carried out by three master-level annotators (Shreyas Karnik, Abhinita 
Subhadarshini, and Xu Han) and one Ph.D. annotator (Lang Li). 
They have different training backgrounds: computational science, 
biological science, and pharmacology. Any differentially annotated 
terms were further checked by Sara K. Quinney and David A. 
Flockhart, one Pharm D. scientist and one M.D. scientist with exten-
sive pharmacology training background. Among the disagreed anno-
tations between these two annotators, a group review was conducted 
(Drs Quinney, Flockhart, and Li) to reach the final agreed annota-
tions. In addition a random subset of 20 % of the abstracts that had 
consistent annotations among four annotators (three masters and 
one Ph.D.) were double checked by two Ph.D.-level scientists.

3.3.1 Corpus 
Construction
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A structured annotation scheme was implemented to annotate 
three layers of pharmacokinetics information: key terms, DDI sen-
tences, and DDI pairs (Fig. 2). DDI sentence annotation scheme 
depends on the key terms; and DDI annotations depend on the 
key terms and DDI sentences. Their annotation schemes are 
described as follows.

Term-level annotation: Key terms include drug names, enzyme 
names, PK parameters, numbers, mechanisms, and change. The 
boundaries of these terms among different annotators were judged 
by the following standard.

 ● Drug names were defined mainly on DrugBank 3.0 [27].  
In addition, drug metabolites were also tagged, because they are 
important in in vitro studies. The metabolites were judged by 
either prefix or suffix: oxi, hydroxyl, methyl, acetyl, N-dealkyl, 
N-demethyl, nor, dihydroxy, O-dealkyl, and sulfo. These prefixes 
and suffixes are due to the reactions due to phase I metabo-
lism (oxidation, reduction, hydrolysis) and phase II metabolism 
(methylation, sulfation, acetylation, glucuronidation) [55].

 ● Enzyme names covered all the CYP450 enzymes. Their names 
are defined in the Human Cytochrome P450 Allele Nomenclature 
Database, http://www.cypalleles.ki.se/. The variations of the 
enzyme or the gene names were considered.

 ● PK parameters were annotated based on the defined in vitro and 
in vivo PK parameter ontology. In addition, some PK parameters 

3.3.2 DDI 
Annotation Scheme

Medline Abstracts

screening

Four Annotators
(3 master level, and
1 Ph.D. level)

True Positive Data
20% of True 
Positive Data

PK Corpus
Two Annotators
(1 Pharm. D. and 1 M.D.)

Fig. 1 PK corpus annotation flow chart
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have different names, such as CL = clearance, t1/2 = half-life, 
AUC = area under the concentration curve, and AUCR = area 
under the concentration curve ratio. Those terms need to be 
handled carefully because their formats are varied.

 ● Numbers such as dose, sample size, values of PK parameters, and 
p-values were all annotated. If presented, their units were also 
covered in the annotations.

 ● Mechanisms denote the drug metabolism and interaction mech-
anisms. Linguistic realization of those terms is usually presented 
in various contexts. The nominalization of the following terms, 
inhibit, catalyze, correlate, metabolize, induce, form, stimulate, 
activate, and suppress, is annotated with regular expression 
patterns.

 ● Change describes the change of PK parameters. The following 
words and its nominalizations were annotated in the corpus to 
denote the change: strong, moderate, high, slight, significant, 
obvious, marked, great, pronounced, modest, probably, may, might 
minor, little negligible, doesn’t interact, affect, reduce, and 
increase.

Sentence-level annotation: The middle-level annotation focused on 
the drug interaction sentences. Because two interaction drugs were 
not necessary all presented in the sentence, sentences were catego-
rized into two classes:

Term Annotation:

Sentences with Drug Name, Dose information, Enzyme Name, PK parameter, Units, Sample
size, P-value, Mechanism, Adj word, Verb, and Action work.

Clear DDI Sentence
(CDDIS)

Vague DDI Sentence
(VDDIS)

Term

Sentence

IN-VIVO
DDI

DDI

C3 or C4

Non-
DDI

DDI

Non-DDI

Non-
DEI

DEI
IN-VITRO

DDI

ADDI

ADDI ADEI

Fig. 2 A three-level hierarchical PK and DDI annotation scheme
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 ● Clear DDI sentence (CDDIS): Two drug names (or drug–enzyme 
pair in the in vitro study) are in the sentence with a clear inter-
action statement, i.e., either “interaction” or “non- interaction”, 
or ambiguous statement (i.e., such as “possible interaction” or 
“might interact”).

 ● Vague DDI sentence (VDDIS): One drug or enzyme name is 
missed in the DDI sentence, but it can be inferred from the 
context. Clear interaction statement also is required.

DDI-level annotation: Once DDI sentences were labeled, the DDI 
pairs in the sentences were further annotated. Because of the 
fundamental difference between in vivo DDI studies and in vitro 
DDI studies, their DDI relationships were defined differently. In in 
vivo studies, three types of DDI relationships were defined 
(Table 1): DDI, ambiguous DDI (ADDI), and non-DDI (NDDI). 
Four conditions are specified to determine these DDI relation-
ships. Condition 1 (C1) requires that at least one drug or enzyme 
name has to be contained in the sentence; condition 2 (C2) 
requires that the other interaction drug or enzyme name can be 
found from the context if it is not from the same sentence; condi-
tion 3 (C3) specifies numeric rules to define the DDI relationships 
based on the PK parameter changes; and condition 4 (C4) specifies 
the language expression patterns for DDI relationships. Using the 
rules summarized in Table 1, DDI, ADDI, and NDDI can be 
defined by C1 ∧ C2 ∧ (C3 ∨ C4). The priority rank of in vivo PK 
parameters is AUC > CL > t1/2 > Cmax. In in vitro studies, six types of 
DDI relationships were defined (Table 1). DDI, ADDI, and NDDI 
were similar to in vivo DDIs, but three more drug–enzyme rela-
tionships were further defined: DEI, ambiguous DEI (ADEI), and 
non-DDI (NDEI). C1, C2, and C4 remained the same for in vitro 
DDIs. The main difference is in C3, in which either Ki or IC50 
(inhibition) or EC50 (induction) was used to defined DDI relation-
ship quantitatively. The priority rank of in vitro PK parameters is 
Ki > IC50. Table 2 presents eight examples of how DDIs or DEIs 
were determined in the sentences.

Corpus evaluation: Agreement measurement is one of the impor-
tant steps in corpus construction, which carries out the assessment 
of reference standard quality. If there is little agreements among 
annotators, that means that the task of annotation  
is not reliable and the quality of reference standard is suspected.  
In this work, Krippendorff’s alpha [61] was calculated to evaluate 
the reliability of annotations from four annotators. The frequencies 
of key terms, DDI sentences, and DDI pairs are presented in 
Table 3. Their Krippendorff’s alphas are 0.953, 0.921, and 0.905, 
respectively. Please note that the total DDI pairs refer to the total 
pairs of drugs within a DDI sentence from all DDI sentences.

The PK corpus was constructed by the following process. Raw 
abstracts were downloaded from PubMed in XML format. Then 
XML files were converted into GENIA corpus format following 
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the gpml.dtd from the GENIA corpus [31]. The sentence detection 
in this step is accomplished by using the Perl module Lingua:: 
EN::Sentence, which was downloaded from the Comprehensive 
Perl Archive Network (CPAN, www.cpan.org). GENIA corpus 
files were then tagged with the prescribed three levels of PK and 
DDI annotations. Finally, a cascading style sheet (CSS) was imple-
mented to differentiate colors for the entities in the corpus. This 
feature allows the users to visualize annotated entities. We would 
like to acknowledge that a DDI corpus was recently published as 
part of a text-mining competition DDIExtraction 2011 (http://
labda.inf.uc3m.es/DDIExtraction2011/dataset.html). Their DDIs 
were clinical outcome oriented, not PK oriented. They were 
extracted from DrugBank, not from PubMed abstracts. Our PK 
corpus  complements to their corpus very well.

We implemented the approach described by [37] for the DDI 
extraction. Prior to performing DDI extraction, the testing and 
validation DDI abstracts in our corpus were preprocessed and con-
verted into the unified XML format [37]. The following steps were 
conducted:

 ● Drugs were tagged in each of the sentences using dictionary 
based on DrugBank. This step revised our prescribed drug 
name annotations in the corpus. One purpose is to reduce the 
redundant synonymous drug names. The other purpose is only 

3.4 DDI Text Mining

Table 3 
Annotation performance evaluation

Key terms Annotation categories Frequencies Krippendorff’s alpha

Drug 8,633 0.953
CYP 3,801
PK parameter 1,508
Number 3,042
Mechanism 2,732
Change 1,828
Total words 97,291

DDI sentences CDDI sentences 1,191 0.921
VDDI sentences 120
Total sentences 4,724

DDI pairs DDI 1,239 0.905
ADDI 300
NDDI 294
DEI 565
ADEI 95
NDEI 181
Total drug pairs 12,399

Heng-Yi Wu et al.
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to keep the parent drugs and remove the drug metabolites 
from the tagged drug names from our initial corpus, because 
parent drugs and their metabolites rarely interact. In addition, 
enzymes (i.e., CYPs) were also tagged as drugs, since enzyme–
drug interactions have been extensively studied and published. 
The regular expression of enzyme names in our corpus was 
used to remove the redundant synonymous gene names.

 ● Each of the sentences was subjected to tokenization, POS tags, 
and dependency tree generation using the Stanford parser [62].

 ● C2
n drug pairs from the tagged drugs in a sentence were gener-

ated automatically, and they were assigned with default labels 
as no-drug interaction. Please note that if a sentence had only 
one drug name, this sentence did not have a DDI. This setup 
limited us to consider only CDDI sentence in our corpus.

 ● The drug interaction labels were then manually flipped based 
on their true drug interaction annotations from the corpus. 
Please note that our corpus had annotated DDIs, ADDIs, 
NDDIs, DEIs, ADEIs, and NDEIs. Here only DDIs and DEIs 
were labeled as true DDIs. The other ADDIs, NDDIs, DEIs, 
and ADEIs were all categorized into the no-drug interactions.

Then sentences were represented with dependency graphs using 
interacting components (drugs) (Fig. 3). The graph representation 
of the sentence was composed of two items: (1) one dependency 
graph structure of the sentence and (2) a sequence of POS tags 
(which was transformed to a linear order “graph” by connecting the 
tags with a constant edge weight). We used the Stanford parser [62] 
to generate the dependency graphs. Airola et al. proposed to com-
bine these two graphs to one weighted, directed graph. This graph 
was fed into a SVM for DDI/non-DDI classification. More details 
about the all paths graph kernel algorithm can be found in [37].

DDI extraction was implemented in the in vitro and in vivo 
DDI corpus separately. Table 4 presents the training sample size 
and testing sample size in both corpus sets. Then Table 5 presents 
the DDI extraction performance. In extracting in vivo DDI pairs, 

Example 3 : Drug_A, Drug_B, and Drug_C produced increases in mean
Drug_D AUC of 150%, 419% and 122%, respectively.  

Example 3.1: Drug_A produced increases in mean Drug_D AUC of 150%. 

Example 3.3: Drug_C produced increases in mean Drug_D AUC of 122%. 

Example 3.2: Drug_B produced increases in mean Drug_D AUC of 419%. 

Fig. 3 Sentence separation

Text Mining for Drug–Drug Interaction
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the precision, recall, and F-measure in the testing set are 0.67, 
0.79, and 0.73, respectively. In the in vitro DDI extraction analy-
sis, the precision, recall, and F-measure are 0.47, 0.58, and 0.52, 
respectively, in the in vitro testing set. In our early DDI research 
published in the DDIExtract 2011 Challenge [63], we used the 
same algorithm to extract both in vitro and in vivo DDIs at the 
same time, and the reported F-measure was 0.66. This number is 
in the middle of our current in vivo DDI extraction F-measure 
0.73 and in vitro DDI extraction F-measure 0.52.

Error analysis was performed in testing samples. Table 6 sum-
marizes the results. Among the known reasons for the false posi-
tives and false negatives, the most frequent one is that there are 
multiple drugs in the sentence or the sentence is long. The other 
reasons include that there is no direct DDI relationship between 
two drugs, but the presence of some words, such as dose and 
increase, may lead to a false-positive prediction; or DDI is  presented 
in an indirect way; or some NDDIs are inferred due to some adjec-
tives (little, minor, negligible).

4 Notes (Challenges and Possible Solutions)

As we have seen, there had been a number of approaches for DDI 
extraction research. Nonetheless, there are significant unsolved 
problems or difficulties when we apply those approaches in PK 

Table 4 
DDI data description

Datasets Abstracts Sentences DDI pairs True DDI pairs

In vivo DDI training 174 2,112 2,024 359

In vivo DDI testing  44 545 574  45

In vitro DDI training 168 1,894 7,122 783

In vitro DDI testing  42 475 1,542 146

Table 5 
DDI extraction performance

Datasets Precision Recall F-measure

In vivo DDI training 0.67 0.78 0.72

In vivo DDI testing 0.67 0.79 0.73

In vitro DDI training 0.51 0.59 0.55

In vitro DDI testing 0.47 0.58 0.52

Heng-Yi Wu et al.
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DDI text mining. According to our annotation scheme, the three-
level annotation is designed to identify key terms, DDI sentences, 
and DDI pairs. From our DDI extraction error analysis, we found 
that major errors come from the challenges of annotations. Most 
missing detections result from the issue of drug name mapping in 
term annotation level. The reason to cause the errors classified into 
the third category is that the approach we use to extract DDI lacks 
the ability of co-reference resolution. Due to the omission of 
VDDIS in DDI sentence level, these kinds of errors happen. 
Finally, a major part of failure resulted largely from the long 
sentences with multiple drugs and PK parameters. To meet these 
three issues, we discuss the problem of errors and try to explore 
their possible solution in the following three subsections.

In term annotation level, most biological terms can be annotated 
with satisfied performance by using NER, except for drug name. 
The representations of drug names are diverse in pharmacology 
articles. The main reason to this issue comes from the naming con-
vention of different drug companies. Each drug with the same 
generic name might have multiple brand names or synonym name. 
Due to the different backgrounds of authors, the preferences of 
name adoption are quite different. Among drug names, some 
really confuse NER tools by its confliction with other terms. For 
example, one of ketoconazole’s synonyms (DB01026) is “2 %” 
and a small molecule (db03951) is denominated with “16 g.” For 
the possible solution for this issue, we recommend to remove those 
terms from your dictionaries because few authors use those pecu-
liar terms as drug names. Another issue in NER is to recognize 
acronym and abbreviation of drugs or other terms. There are no 
rules or exact patterns for the creation of acronym and abbrevia-
tion from their full form. To meet this problem, there are two pos-
sible solutions. First, parenthetical expression might be the solution 
to distinguish acronyms. By using Schwartz and Hearst’s algo-
rithm, it searches for parentheses in text and limits context around 
brackets as a mark of term, such as single or more words, e.g., nevi-
rapine (NVP) or human liver microsomes (HLMs). Otherwise, 
using FDA-provided acronym and abbreviation database as another 
dictionary can be the second solution. This database can be down-
loaded at the following link: http://www.fda.gov/AboutFDA/
FDAAcronymsAbbreviations/ucm070296.htm.

In most DDI extraction approaches, CDDIS are considered to  
be candidates for the analysis of DDI extraction. Nevertheless, we 
found that the number of VDDISs amounts to one-tenth of 
CDDISs’ quantity in Table 3. If we omit investigating those sen-
tences, it means that up to 10 % of true information is possibly 
missed. Although this problem also happens in many articles related 
to protein–protein or protein–gene interactions, it harms PK DDI 

4.1 Issues in Drug 
Name Mapping

4.2 Vague DDI 
Sentence Problem

Heng-Yi Wu et al.
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articles more. It is because the interactions between  proteins or 
genes are more often expressed with narrative ways while many of 
PK DDIs in text can be determined only with the measurements  
of ADME activities. Such omissions will highly increase the chance 
of missing detections, especially for the task of PK curation.

To retrieve VDDIS, human beings can easily recognize DDI 
information from VDDIS via the reference to other sentences. The 
process of determining the pronoun or the antecedent from its con-
text is called co-reference resolution [64]. Some previous works [65, 
66] had considered this problem on a pre-sentence basis and used it 
to explore neglected useful information in the same article. Grosz 
et al. [67] considered the feature of significant entities which are men-
tioned multiple times in context and its transitivity property to extract 
event–argument relations. But no one has yet  considered using it to 
improve the performance of DDI extraction. Here we would like  
to choose one appropriate approach among published co-reference 
resolution method to transform the VDDIS into CDDIS.

Bridging references arise when a reference to a noun phrase 
that is not directly mentioned is made. For an example sentence in 
PMID-17518508 (example 1), it does not mention that which 
drug is the CYP3A4 inhibitor in the sentence, but readers can fig-
ure out that it is ketoconazole from few sentences before. Another 
type of VDDIS is more challenging to determine because the noun 
phrase and pronoun are not even mentioned in the sentence of 
PMID-17909805 (example 2). The pronoun or the antecedent  
for inhibitor drug even does not show in this sentence, and its 
 argument is located in few sentences behind, which makes it more 
difficult to find its co-reference.

Example 1
Co-administration of a potent CYP3A4 inhibitor moderately 
increased cinacalcet exposure in study subject.

Example 2
The plasma clearances of docetaxel and midazolam were reduced 
by 1.7- and 6-fold, respectively.

Centering theory [66, 68, 69] is a method to model the rela-
tions among focus of attention, choice of referring expression, and 
perceived coherence of utterances within a discourse segment. This 
approach should conquer the problem of example 1. As for the sec-
ond example, it cannot be answered by only finding the co- reference 
of pronoun. Finding the relation between an event and its argument 
across co-reference relations will really help find the argument of 
events. To achieve the cross-sentence event–argument relation, 
some previous works [67, 70] had been capable of  identifying the 
event for intra-sentence argument. To handle the challenges in both 
examples, we are eager to look for a method which reaches the best 
performance.

Text Mining for Drug–Drug Interaction
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The purpose of DDI-level annotation is to label drug pairs and PK 
parameters in text and conduct the relationships for DDI pairs. 
From the experience of evaluating corpus and the error analysis  
for DDI results, there are two challenges when extracting DDI.  
(1) Long sentences with multiple drugs significantly complicated 
syntactic structure and led to the most frequent faults of first cat-
egory in Table 6. In fact, such sentences often occurred in the 
articles related to in vivo and in vitro experiments. Authors try  
to compare the intensity of drug interactions among different 
drugs and place their PK parameters as well as dose conditions 
after. (2) How to take advantage of PK parameters for DDI extrac-
tion is another challenge. In the previous works, machine learning-
based approach deals with the task of extracting relations by 
classifying pairs of drug with/without DDI categories, while rule-
based or pattern- based method locates drug pairs as well as trigger 
words to build up a tree for determining their relationship. But, no 
one has yet considered using it to improve the performance of 
DDI extraction.

To overcome both the problem of multiple drugs and PK 
parameters and the challenge of utilizing PK parameters, simplify-
ing sentence is an idea that came from Segura-Bedmar’s method 
[43], which split the long sentences into clauses from which rela-
tions are extracted by a pattern matching algorithm. Such a sim-
plification significantly improves the performance of dealing with 
long sentences. This inspires us to split a long sentence with dif-
ferent way. According to the characteristics of utterances in PK 
articles, the orders and locations of drug names and their corre-
sponding PK parameters are parallelly located. The example in 
Fig. 3 shows that there are three different drugs interacting one 
drug followed by the corresponding fold change of AUC value. 
But when looking into its structure of dependent graph tree which 
is often used for machine learning- or rule-based pattern (Fig. 4), 
we found that both drugs and PK values are connected with 
conj_and edge. It is not possible to differentiate which PK value  
is belonging to which drug. Thus, splitting the sentence accord-
ing to drugs and PK parameters before machine learning- or rule-
based pattern matching is necessary. Using example 3 as an 
instance, we hope that the sentence can break down into three 
sentences (examples 3.1, 3.2, and 3.3 in Fig. 4). This separation 
greatly simplifies the sentences’ complexity and resolves the prob-
lem of matching PK parameters.

Example 3
Drug_A, Drug_B, and Drug_C produced increases in mean 
Drug_D AUC of 150, 419, and 122 %, respectively.

4.3 Multiple Drug 
Pairs and PK 
Parameters

Heng-Yi Wu et al.
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Chapter 5

Biological Information Extraction and Co-occurrence 
Analysis

Georgios A. Pavlopoulos, Vasilis J. Promponas, Christos A. Ouzounis,  
and Ioannis Iliopoulos

Abstract

Nowadays, it is possible to identify terms corresponding to biological entities within passages in biomedical 
text  corpora: critically, their potential relationships then need to be detected. These relationships are typi-
cally detected by co-occurrence analysis, revealing associations between bioentities through their coexis-
tence in single sentences and/or entire abstracts. These associations implicitly define networks, whose 
nodes represent terms/bioentities/concepts being connected by relationship edges; edge weights might 
represent confidence for these semantic connections.

This chapter provides a review of current methods for co-occurrence analysis, focusing on data stor-
age, analysis, and representation. We highlight scenarios of these approaches implemented by useful tools 
for information extraction and knowledge inference in the field of systems biology. We illustrate the practi-
cal utility of two online resources providing services of this type—namely, STRING and BioTextQuest— 
concluding with a discussion of current challenges and future perspectives in the field.

Key words Text mining, Co-occurrence analysis, Graph theory, Biomedical literature, Semantic 
 networks, Systems biology

1 Introduction

The new advances in high-throughput technologies and large-scale 
experiments have led to a “data explosion” in the life and health 
sciences. Results of such studies are presented in biomedical publi-
cations, at an ever-increasing pace. This frantic expansion of the 
biomedical literature can often be difficult to absorb or manually 
analyze, as efficient searching about a certain topic can become 
complicated, tedious, and time consuming. The MedLine database 
and related repositories currently contain more than 22,000,000 
articles (accessed 08/06/2013) and follow an exponential growth 
over time [1], making it impossible to analyze without specific 
queries. Therefore, efficient and automated search engines are 
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 necessary to efficiently explore the biomedical literature using text 
mining techniques [2–6]. Automated knowledge mining, named 
entity recognition (NER), extraction of meaningful relationships 
between articles, concept discovery, identification of biomedical 
terms in texts, and enhanced and more targeted PubMed queries 
[7] are some examples of the big challenges in the field. The first 
evidence that text mining techniques can be used in knowledge 
extraction, and therefore towards the discovery of new findings, 
came when Swanson published his studies, where he linked 
Raynaud’s disease with fish oil [8].

Ongoing research in biomedical literature mining [2] involves 
techniques to:

 ● Rank search results (e.g., miSearch [9], Quertle [10, 11], 
MedlineRanker [12], ETBLAST [13], MScanner [14]).

 ● Cluster them into topics (e.g., Anne O’Tate [15], GoPubMed 
[16], XplorMed [17], Caipirini [18]).

 ● Identify biomedical terms in a text such as Gene Ontology 
(GO) terms [19], genes, proteins, chemicals, drugs, diseases, 
phenotypes, species, pathways (e.g., WhatizIt [20], Abner 
[21], Reflect [22], OnTheFly [23], TerMine [24]).

 ● Extract and display semantics and relations between them (e.g., 
MedEvi [25], EBIMed [26], PubNet [27], PubFocus [28]).

 ● Improve search interface and retrieval experience (e.g., askMed-
line [29–31], BabelMesh [32], PubGet [33], HubMed [34], 
PubCrawler [35], PubFinder [36]).

Amongst others, there are many efforts trying to extract pro-
tein–protein interactions (PPIs) from PubMed abstracts or to cre-
ate a network of related genes/proteins/biological terms [37]. For 
example, the information extraction system PubGene is detecting 
associations between genes using terms from the Medical Subject 
heading (MeSH) index and terms from the gene ontology (GO) 
database [19]. CoPub Mapper [38] provides online access to co- 
occurrence associations extracted from PubMed between genes 
and biomedical terms. Other approaches extract PPIs from the sci-
entific literature by identification of protein names in text and then 
sentence processing/semantics analytics (collectively called Natural 
Language Processing or NLP) [39–42], and by connecting pro-
teins to concept profiles following the assumption that proteins 
that share one or more concept profiles have increased probability 
to interact [43]. More complex systems such as iHOP [44], search 
information through hyperlinks so that literature is clustered 
according to gene names and text topics leading to the discovery 
of potential PPIs. All PPIs which are experimentally verified are 
specifically highlighted [44]. In addition to the above methods, 
there are other tools that incorporate data from many different 
sources for describing or even predicting a PPI. One such web 
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resource is the STRING database [45]. STRING uses  information 
from the biomedical literature (i.e., co-occurrences of genes in 
PubMed abstracts), high-throughput experiments, conserved co- 
expression, gene neighborhood, gene fusion events, phylogenetic 
profiling, and association in curated databases and contains protein 
associations for more than 600 species.

In this chapter we provide a step-by-step overview of how such 
co-occurrence networks are created, stored, and visualized, and we 
demonstrate their usefulness by providing two biological examples 
using the STRING [45] and BioTextQuest [46] services.

2 Materials

To use the web applications which are mentioned in this chapter, 
the following tools should be pre-installed:

 1. A web browser (preferably a latest version of Firefox, Chrome 
or Safari) to support the latest JavaScript libraries.

 2. Java and the relevant browser plugins to run Java applets. JRE 
version >6 is preferred.

 3. Adobe Flash player and the relevant browser plugins.

3 Methods

A co-occurrence network is a graphical representation of relation-
ships between terms that belong to a unit of text. Such a network 
corresponds to a graph G = (V, E) consisting of vertices (V) and 
edges (E), where vertices might represent terms and edges the 
connections between them. Hence, two terms that coexist in the 
same phrase or paragraph may be linked to each other. 
Co-occurrence analysis of genes/proteins or other bioentities in 
published abstracts, entire documents, units of text, or other pub-
lic databases has been used to derive networks with clear indication 
that their edges reflect functionally relevant relationships [4, 47–50]. 
Figure 1 illustrates a representative example of biomedical terms 
identified to coexist in an abstract (Fig. 1a), their interconnections 
and the resulting network (Fig. 1b–d). In the first case of abstract-
based co-occurrences (Fig. 1b), every entity (node) identified in 
the abstract text is connected to any other entity in the same text, 
forming a clique [51]. In the second case of sentence- based co-
occurrences (Fig. 1c), only the entities co-mentioned in the same 
sentence are connected to each other. A more subtle case is the one 
of semantic networks (Fig. 1d). These networks are usually directed 
multi-edged networks. Each edge in such networks represents an 
action between two nodes. If more than one action occurs between 
the nodes, these are then connected with more than one edge. 

3.1 Co-occurrence 
Networks
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For example, within a sentence where it is stated that A “inhibits” 
B, an arrow starting from node A and ending to B is used. In the 
case where A and B are related in multiple ways, for example by 
their coexistence in databases, by being evolutionarily related or 
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Fig. 1 (a) Gene/protein names highlighted in blue for abstract [62]. (b) Abstract-based co-occurrence: All genes 
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found to be co-expressed in an experiment, then multiple lines or 
arrows of different meaning (colors) are being used; each color 
representing one action type.

As co-occurrence analysis can be performed for very large cor-
pora, the resulting networks often become dense and incompre-
hensible. To better understand the topology of the network and 
quickly identify closely related terms, visualization techniques play 
a key role. Specialized visualization tools [52, 53] try to tackle this 
problem by incorporating high-quality clustering algorithms and 
employing sophisticated layout procedures in order to (1)  minimize 
the crossovers between the edges and (2) simultaneously place 
closely associated nodes next to each other to form functionally 
related groups. Visualization tools which worth to me mentioned 
are the BioLayout [54], Ondex [55], Pajek [56], Cytoscape [57], 
Arena3D [58, 59], Medusa [60], and VisANT [61].

Retrieving a representative set of documents related to a topic is 
not an easy task, as most of the current search engines use key-
words to retrieve related records. In most cases, the results are 
shown as unordered lists which are difficult to manually filter by 
relevance. Especially in those instances where non-experts query 
for more generic topics, these lists may contain hundreds or even 
thousands of documents that are hard to comprehend and diffi-
cult to process. Therefore, text retrieval and text categorization 
still remain, among others, two of the biggest challenges in the 
field of text mining. A partial solution to the problem is to pre-
annotate PubMed abstracts by using the Medical Subject Headings 
(MeSH) thesaurus “Mesh term: comprehensive controlled vocabu-
lary for the purpose of indexing journal articles and books in the life 
sciences” and the Gene Ontology terms, and subsequently order 
them by subject, as XplorMed [17], GOPubMed [16], and 
McSyBi [63] do. Another approach is to apply name entity recog-
nition (NER) techniques in abstracts to identify bioentities (e.g., 
proteins, drugs, genes, diseases, or pathways) and perform a co-
occurrence analysis. Abstracts sharing common annotations or 
words are likely to be related to each other and to the initial query. 
Tools such as EBIMed [64] and ReleMed [65], for example, apply 
co-occurrence analysis at the sentence level to predict relation-
ships between genes. Alternatively, a single abstract or text para-
graph can be used as a model to find similar records using the 
PubMed-related article feature [66].

An illustrative example on how to relate articles in an auto-
mated way is presented in Fig. 2, through a four-step process. First, 
biological terms and entities are identified in an article based on 
pre-calculated dictionaries. In the second step, each article is rep-
resented by a vector consisting of identified terms/words. A simi-
larity measure such as Pearson, Cosine, or Tanimoto coefficient is 

3.2 Literature 
Network
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calculated in step 3, to quantify the pairwise similarities between 
each pair of articles, resulting to a weighted graph. During step 4, 
clustering algorithms are applied to the network in order to isolate 
groups of related articles that share common terms or other fea-
tures. jClust [67], NeAT [68], MCL [69], Affinity propagation 
[70], MCODE [71], Clique [72], LCMA [73], DPClus [74], 
CMC [75], SCAN [76], Cfinder [77], GIBA [78], and PCP [79] 
are graph-theoretic algorithms and platforms for detecting highly 
connected subnetworks. Notably, for larger amounts of literature 
data, a good practice is to pre-compute the network clustering, as 
clustering techniques are often intensive in terms of computer 
resources, such as processor time and memory.

PPIs play a crucial role in most complex cellular processes. Such 
processes include cell cycle control, differentiation, protein folding, 
signaling, transcription, translation, posttranslational  modification, 
and transportation [82]. The field of predicting PPIs is a heavily 
studied field in systems biology and high-throughput experimental 
techniques such as pull-down assays [83], tandem affinity purifica-
tion [84], yeast two hybrid systems—Y2H [85], mass spectrome-
try [86], and microarrays [87] are widely used to infer such PPIs. 
Public databases such as the Yeast Proteome Database—YPD 
[88], MIPS [89], MINT [90], IntAct [91], DIP [92], BIND 
[93], and BioGRID [94] store such binary interactions of pro-
teins or whole complexes in an organized way along with annota-
tions. Most of these databases are manually curated, freely 
available to download and for further processing using text min-
ing techniques. Co-occurrence analyses, for example, can priori-
tize search results by relevance and also suggest new interactions 
that are not previously known and can be experimentally vali-
dated. Assuming that two pairs of proteins A–B and B–C are 
known to interact and are mentioned in articles, a co- occurrence 
analysis can reveal indirect connections, i.e., A–C, which might be 
of importance.

To demonstrate the usefulness of text mining and co- 
occurrence analysis, we queried the STRING database [45, 95] for 
the known yeast ARP2/3 complex [96]. The ARP2/3 complex is 
a known seven-subunit protein complex involved in the regulation 
of the actin cytoskeleton and is found mostly in actin cytoskeleton- 
containing eukaryotic cells [97]. Using information only from 
databases, experiments and co-expression, the STRING database 
was able to collect six highly connected subunits of the complex 
(Fig. 3). Similarly, using only the text-mining approach, the 
STRING database was able to reproduce the same network with 
high confidence, showing that text mining analysis can stand as key 
player in biological research to not only predict already known 
interactions as shown before but also generate new hypotheses.

3.3 Protein–Protein 
Interaction Networks 
(PPIs) Using STRING

Biological Information Extraction and Co-occurrence Analysis
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To demonstrate the power of text analysis in concept  discovery, we 
use the BioTextQuest [46] web server. The core component of 
BioTextQuest was based on the TextQuest algorithm [98]. 
BioTextQuest is implemented for automated discovery of signifi-
cant terms in article clusters with structured knowledge annotation, 
accompanied by NER services and semantic annotation of terms for 
visualization purposes. BioTextQuest is able to cluster articles based 
on their common terms and provides a tag-cloud- based visualiza-
tion of terms mentioned in a document. The size of these terms 
demonstrates their level of representation in the given set of docu-
ments, whereas a color scheme is associated to the type of the bio-
entity (e.g., gene, protein). We queried BioTextQuest with a 
complex PubMed-like query for abstracts containing any of the terms 
“anterior-posterior” or “dorsal-ventral” and mentioning the species 
“Drosophila”. These terms describe the development of the 
Drosophila embryo in the two aforementioned axes. Three clusters 
were obtained (Fig. 4). The first cluster is related to the develop-
ment of the Drosophila embryo in the dorsal ventral axis (the size 
of the term “dorsal ventral” dominates the cluster), while character-
istic genes of this pathway, such as cactus and sog, are present. The 
second cluster is dominated by the term “anterior posterior” and 
genes such as hunchback, distaless, and ubx which play important 
role in the formation of the anterior posterior axis during embryo-
genesis. In the third cluster, the term “oogenesis” is over-repre-
sented, together with both “anterior posterior” and “dorsal ventral” 
terms. Additionally, in this cluster, we observe genes such gurken 
and oskar (which are characteristic for the formation of these axes 
during oogenesis, prior to fertilization). A hypothesis that can be 
generated from this BioTextQuest analysis is that the two develop-
mental axes are not well defined during the early stages of embry-
onic development, discussed elsewhere in the literature [99].

3.4 Concept 
Discovery Using 
BioTextQuest

Fig. 3 String query for “ARP2/3” complex components (yeast). Left: Six components of the ARP2/3 complex 
based on experiments, databases, and co-expression. Right: Six components of the ARP2/3 complex based on 
text mining
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Fig. 4 Query of “anterior-posterior” or “dorsal-ventral” terms for Drosophila returns three clusters of  documents. 
Cluster 1: documents related to dorsal ventral developmental axis are collected. Cluster 2: collected docu-
ments are related to anterio-posterior developmental axis. Cluster 3: terms from both categories are mixed. 
The term “oogenesis” is overrepresented, thus generating the hypothesis that developmental axes are not well 
defined in early stages but at later stages in oogenesis [99]

Biological Information Extraction and Co-occurrence Analysis
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4 Notes

To produce the protein interaction networks mentioned in 
Subheading 3.3, the steps below should be followed:

 1. Visit the URL: http://string.embl.de
 2. In the field “organism”, please select: yeast or Saccharomyces 

cerevisiae
 3. In the field “protein name” please type: ARP2/3
 4. Press “GO!” button
 5. A disambiguation page will appear. To continue, please select 

the option: ARC18–ARC18–ARP2/3 complex 21 kDa subunit 
(p21-ARC); Functions as component of the ARP2/3 complex 
which is involved in regulation of actin polymerization and together 
with an activating nucleation-promoting factor (NPF) mediates 
the formation of branched actin networks (By similarity). This 
option will use the ARC18 protein as a seed to generate a net-
work with its interactors.

 6. A new page showing a PPI network will appear. In the “info 
and parameters” section, please select “High confidence score 
0.7” and type the number five in the field of “interactions 
shown” to reduce the number of interactors. Then hit the 
“update parameters” button and the page will reload showing 
a new network (smaller).

 7. To view the network which is generated by using only 
TextMining approach, please go to the “info and parameters” 
panel under the “Active Prediction Methods” menu and dese-
lect every prediction method except from the “Text Mining” 
option. Then hit the “update parameters” button. The page 
will reload and show a PPI network consisting of six compo-
nents of the ARP2/3 complex as they are predicted by the 
TextMining method only.

 8. To view the same network consisting of experimentally vali-
dated connections between the components of the Arp2/3 
complex, please repeat the procedure of the previous step by 
deselecting all of the “Active Prediction Methods” except from 
the options: “databases”, “experiments,” and “CoExpression”. 
After hitting the “update parameters” button, STRING will 
generate the same network as before based on different evi-
dence of information.

 9. Connections between the components of ARP2/3 complex are 
colored in green “Text Mining” for step 7, whereas connec-
tions of the multi-edged graph for option 8 are shown in pink 
(Experiments), black (Coexpression), and blue (Databases).

4.1 A Step-by-Step 
Guide for Generating 
Protein–Protein 
Interaction Networks 
(PPIs) with STRING

Georgios A. Pavlopoulos et al.
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To demonstrate the functionality of BioTextQuest, as mentioned 
in Subheading 3.4, please follow the steps below:

 1. Visit the URL: http://bioinformatics.med.uoc.gr/biotextquest
 2. In the “query PubMed” text field please type: “(anterior- 

posterior AND drosophila) OR (dorsal-ventral AND drosoph-
ila) 1:2001/03[dp]”

 3. In the “advanced options” menu, please select “K-Means” for the 
“clustering algorithm” and three for the “number of clusters”.

 4. Hit the button “Send Data Now” and be patient for the results 
to be generated. At this stage, BioTextQuest collects all of the 
PubMed abstracts that are related to the queried terms for 
“Drosophila” organism and performs a Text Mining analysis.

 5. After a while, a new multi-tabbed page will be generated. The 
“Tag clouds” tab will show clusters of terms by highlighting 
and adjusting the size of the overrepresented terms in a cluster. 
Bold and words of bigger size are the most representative in 
the cluster.

 6. Similarly, the “Documents” tab, will show the PubMed articles, 
clustered according to their context.

5 Future Perspectives and Challenges

Text mining techniques and co-occurrence analyses are promising 
methodologies that can assist us to cope with the overload of tex-
tual information and extract meaningful conclusions, which are 
often hidden in literature. Typical text mining tasks include text 
prioritization, document clustering, concept and entity extraction, 
sentiment analysis, document summarization, and entity relation 
modeling. Such techniques can significantly assist large-scale 
experiments in collaboration with other in silico approaches, such 
as phylogenetic profiles, fusion events, and gene neighborhood, 
towards a more complete data integration approach. While text 
mining techniques can stand as key players in automatic knowledge 
extraction and targeted literature searching, they are still at their 
infancy [100] as they are often accompanied by a high false- positive 
rate. To overcome this challenge in the field and be able to perform 
accurate co-occurrence analyses, very rich and high-quality dic-
tionaries for NER should become available; despite the current 
efforts we are far from this point. Term disambiguation still remains 
a bottleneck as bioentities, such as genes, can be found in multiple 
forms (e.g., HUGO names, Entrez identifiers, free text). Furthermore, 
there is no consistency or a unique mapping between a name and a 
bioentity. The term C1R for example represents a cell-line but also 
a gene name (ENSG00000159403). NER is becoming even more 

4.2 A Step-by-Step 
Guide for Using 
BioTextQuest
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complicated for inter-species entity name disambiguation, as there 
are no unique identifiers for genes and proteins of a certain species. 
In addition, full text processing rather than abstract-only annotation 
is necessary. Efficient and fast converters to transform any type of 
document such as PDFs, HTMLs, PPTs, XLSs into simple struc-
tured XML files are important for full text analysis, especially when 
there is no need to separately process titles, abstracts, tables, and 
figure legends. Finally, semantic networks are still very immature as 
dictionaries that map a verb or a phrase to an action such as “inhib-
its,” “blocks,” or “regulates” are currently limited. Natural Language 
Processing (NLP) approaches should become mature enough to 
understand the syntax of a sentence and generate rule- based net-
works to generate new ideas and concepts that are implicitly present 
but not explicitly detected by readers and researchers alike.
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Chapter 6

Roles for Text Mining in Protein Function Prediction

Karin M. Verspoor

Abstract

The Human Genome Project has provided science with a hugely valuable resource: the blueprints for life; 
the specification of all of the genes that make up a human. While the genes have all been identified and 
deciphered, it is proteins that are the workhorses of the human body: they are essential to virtually all cell 
functions and are the primary mechanism through which biological function is carried out. Hence in order 
to fully understand what happens at a molecular level in biological organisms, and eventually to enable 
development of treatments for diseases where some aspect of a biological system goes awry, we must 
understand the functions of proteins. However, experimental characterization of protein function cannot 
scale to the vast amount of DNA sequence data now available. Computational protein function prediction 
has therefore emerged as a problem at the forefront of modern biology (Radivojac et al., Nat Methods 
10(13):221–227, 2013).

Within the varied approaches to computational protein function prediction that have been explored, 
there are several that make use of biomedical literature mining. These methods take advantage of informa-
tion in the published literature to associate specific proteins with specific protein functions. In this chapter, 
we introduce two main strategies for doing this: association of function terms, represented as Gene 
Ontology terms (Ashburner et al., Nat Genet 25(1):25–29, 2000), to proteins based on information in 
published articles, and a paradigm called LEAP-FS (Literature-Enhanced Automated Prediction of 
Functional Sites) in which literature mining is used to validate the predictions of an orthogonal computa-
tional protein function prediction method.

Key words Protein function prediction, Text mining, Biomedical natural language processing, 
Concept recognition in text, Gene ontology annotation

1 Introduction

It has been well documented that the biomedical literature is a 
highly valuable source of biological knowledge, which is most 
effectively accessed via automated text mining methods given the 
context of exploding numbers of publications and the extensive 
human resources required to manually review and catalog (curate) 
the information therein [3–5]. This is as true for protein function 
information as for any other biological information. In this chap-
ter, we therefore explore the use of text mining for protein func-
tion prediction.
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As highlighted by Friedberg [6], one of the challenges in 
approaching the task of protein function prediction is obtaining 
agreement on what is meant by “protein function” and how pro-
tein function should be described in a computationally amenable 
way. Most research in this area, including the recent CAFA (Critical 
Assessment of Function Annotation) experiment [1] and early text 
mining work performed in the context of the BioCreAtIvE (Critical 
Assessment of Information Extraction in Biology) experiment for 
protein function prediction [7], targets the vocabulary of the Gene 
Ontology [2], which includes terminology in three “subontolo-
gies” describing molecular function, biological processes, and cellu-
lar components. However, a more physical interpretation of protein 
function is also possible, in which a protein function is described in 
terms of the specific physical interactions the protein participates 
in, such as catalysis of a specific reaction or binding of a particular 
molecule (e.g., a small molecule or ligand). The two methods we 
introduce below each address one of these possible functional 
descriptions.

Still other interpretations of protein function are possible, and 
several have also been addressed with literature mining methods. 
Protein sequence similarity, as captured in the Protein Family 
(Pfam) resource (http://pfam.sanger.ac.uk/), is strongly associ-
ated with protein function and classification of proteins into Pfam 
on the basis of literature terms has been demonstrated to have 
good performance [8]. Subcellular localization of a protein helps 
to identify its role in biological processes, function, and potential 
as a drug target; the SherLoc subcellular localization prediction 
system integrates protein sequence information with text-based 
features [9].

2 Materials

The primary material required to address text mining of protein 
function prediction is the text itself, i.e., the biomedical literature. 
All abstracts available in the PubMed system can be accessed 
through the MEDLINE system, either through a lease (http://
www.nlm.nih.gov/databases/journal.html) or accessed via a set of 
programming utilities known as the E-Utilities for interacting with 
the MEDLINE database (http://www.ncbi.nlm.nih.gov/books/
NBK25501/). Full text articles are available through PubMed 
Central (http://www.ncbi.nlm.nih.gov/pmc/), and an open 
access collection (called PubMed Central Open Access, or 
PMC-OA), which computational tools explicitly have the right to 
access, can be downloaded in bulk (http://www.ncbi.nlm.nih.
gov/pmc/tools/openftlist/).

The Gene Ontology (http://www.geneontology.org) 
vocabulary that serves as the primary target vocabulary for gene/
gene product function is publicly available in a variety of  
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formats, including OWL-RDF/XML (http://purl.obolibrary.
org/obo/go.owl).

Curated Gene Ontology annotations (GOA) for specific pro-
teins can provide training and test data for text mining systems 
addressing protein function prediction. There are many annota-
tions available (http://geneontology.org/GO.downloads.annota-
tions.shtml); one particular source of annotations that is commonly 
considered because many annotations have an associated literature 
source is from UniProtKB/Swiss-Prot.

It is unfortunately not possible to reproduce the original 
BioCreAtIvE task addressing protein function prediction (http://
www.biocreative.org/tasks/biocreative-i/task-2-functional- 
annotations/) [7] as it required significant manual effort by 
domain experts. Recently, the task has been updated and at the 
time of writing there is an ongoing evaluation addressing Gene 
Ontology annotation methods (http://www.biocreative.org/
tasks/biocreative-iv/track-4-GO/). Data for training machine 
learning algorithms has been made available through that evalua-
tion and should serve as a resource for direct assessment specifically 
of GO annotation from the literature.

3 Methods

Several strategies for enabling protein function prediction using 
text-mined features can be identified. One approach involves 
identification of terms from the Gene Ontology (GO) in texts that 
are known to be associated with a given protein. This approach is 
captured schematically in Fig. 1; systems expect a document and a 
protein of interest as input and identify GO terms in that document 
that are associated to the protein. Such algorithms are primarily 
useful in the context of GO annotation curation, i.e., assignment 
of GO terms to proteins specifically on the basis of published 
information. While this is not directly cast as a protein function 
prediction task, this can be thought of as such, especially given that 
evaluations of protein function prediction often use curated GO 
annotations as the “gold standard” for evaluation of protein 
function prediction (see Notes 1 and 2). The main difference 
between this task and the more general protein function prediction 

3.1 Information 
Extraction of Function 
Terms from Text

Fig. 1 Schematic architecture for single-document protein function prediction algorithms that center on  
recognizing Gene Ontology terms in a provided text and associating those terms to a given protein of interest

Roles for Text Mining in Protein Function Prediction
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task is the focus on identifying functional information from a single 
(provided) document source, rather than a broader set of literature.

The most straightforward approach to recognizing GO terms 
in text is simple exact matching of the vocabulary terms. However, is 
known to be inadequate for matching GO terms to natural text [10, 
11]. Therefore, various algorithms for GO term recognition have 
been explored that go beyond exact string matching of the GO terms; 
these algorithms aim to address the extensive variability in expression 
of GO concepts in the literature. The two basic paradigms for this 
are to do direct extraction of gene ontology terms, in which the task is 
to recognize an explicit mention of a GO  concept in a text or to cast 
the task as a classification problem, in which a classifier makes a deci-
sion about whether or not a document is relevant to a GO term [12].

To handle the significant variability in how such terms are 
expressed, direct extraction algorithms typically accumulate evi-
dence to support the presence of a GO term by considering the 
contribution of words or substrings from within the term or its 
definition [13, 14], or through identification of informative or 
 discriminating terms for a GO concept, learned from training 
examples [12, 15, 16]. The latter work also takes advantage the 
hierarchical structure of the GO and is therefore also an example of 
a second general approach to GO term recognition, which involves 
using the ontology structure to generalize examples to more gen-
eral concepts in the hierarchy or to concepts in the same “semantic 
space” [17, 18].

GO term recognition algorithms can form part of a broader 
strategy for protein function prediction that incorporates informa-
tion from literature. Figure 2 presents the overview of this sort of 
strategy, indicating basic steps of selecting relevant documents 
from the literature, associating a given protein to a subset of those 
documents, recognizing GO terms in the documents, and associat-
ing those GO terms to the input protein. However, many architec-
tures for implementation are possible. The document selection and 
the protein-document association strategy may in fact be the same, 
for instance, if document selection occurs by doing a PubMed 
search on a protein name or if curated links to the literature are 
utilized (e.g., from UniProt or the Protein Data Bank (PDB)). 
Similarly, there may not be an explicit GO term recognition step 
applied to all documents in the protein-related collection, but 
rather proteins could be associated to GO terms via a more indirect 
method such as a machine learning algorithm that incorporates 
general text-based features such as word n-grams.

One effective method in this paradigm has been developed that 
combines information extraction of GO terms from text with 
machine learning for general protein function prediction [19].  
In this method, protein names and GO terms are directly recog-
nized in texts on a large scale, and then protein-GO term associa-
tions are identified on the basis of co-occurrence. These associations 
are provided, along with a range of other features related to protein 
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function, as input to a machine learning algorithm, called GOstruct 
[20], which respects the hierarchical structure of the target ontol-
ogy space. The details of this method are beyond the scope of this 
chapter as the success of the method in the CAFA experiment 
hinged on integration of a large set of heterogenous data, including 
features related to the protein sequence itself, gene expression data, 
and curated interaction data. However, the protein-GO associations 
derived from text proved critical to the success of the approach.

Other methods that integrate text information into protein 
function prediction have also been explored. For instance, protein 
network-based methods that employ graph–theoretic prediction 
algorithms have been tested, where protein networks may be 
derived by considering protein co-occurrence or protein interac-
tion information mined from the literature [21].

As introduced above, a physical representation of protein function, 
in which function is described in terms of the direct interactions a 
protein participates in and the physical characteristics of the protein, 
is an alternative to the more qualitative descriptions in resources 
such as the Gene Ontology. This representation might include 
information such as the location of active residues on a protein and 
the biochemical properties of protein–ligand interactions.

To support information extraction of such physical charac-
teristics from the published literature, an approach called 

3.2 The LEAP-FS 
Paradigm

Fig. 2 Schematic architecture for a general strategy for literature-based protein function prediction targeting 
the Gene Ontology, typically involving information integration from a multiplicity of documents related to a 
given protein of interest
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Literature- Enhanced Automated Prediction of Functional Sites 
(LEAP-FS) was developed [22]. It is a novel paradigm that 
closely couples literature mining with protein structure model-
ing; in this paradigm the text mining results are used to validate 
the predictions of an orthogonal structural model rather than 
make fully independent predictions. The overall architecture of 
the LEAP-FS approach is presented in Fig. 3.

Prior work on predicting GO annotations exists that also uses 
information extracted from the literature to validate predictions [23]; 

Fig. 3 The Literature-Enhanced Automated Prediction of Functional Sites (LEAP-FS) architecture utilizing text 
mined position-localized protein residues to validate the outputs of a structure-based prediction model targeting 
a physical characterization of protein function, specifically prediction of active sites on the surface of a protein
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in that work sentence-level co-occurrences of protein mentions 
and GO term mentions were used for validation, and a large pro-
portion of predictions could not be validated (approximately 60 % 
were missing from the literature set). The LEAP-FS approach, in 
contrast, focuses on extraction of much more specific, easier to 
identify, information about proteins in text, namely localizable 
protein residues, i.e., a protein residue at a specific position in a 
protein sequence. In both studies, predictions that can be validated 
through the literature are found to be highly accurate.

The LEAP-FS approach capitalizes on the fact that the func-
tional site predictions themselves provide unexploited, valuable 
context for the literature search. In particular, providing a litera-
ture search with a specific protein of interest and an associated 
protein sequence simultaneously enables a more targeted search 
for information (focusing on the given protein) and a more relaxed 
search for site-specific information about that protein, because 
false-positive sites can be filtered by validation with respect to the 
given protein sequence. This is in contrast to more open-ended 
text mining that does not make use of external, structured infor-
mation to improve precision.

The integration of protein functional site prediction and text- 
based functional site predictions in this way has recently been dem-
onstrated [22]. A structure analysis approach developed for 
locating small-molecule binding sites on proteins, called Dynamics 
Perturbation Analysis (DPA), was applied to a comprehensive set 
of ~100,000 domains in the SCOP (Structural Classification of 
Proteins) database (http://scop.mrc-lmb.cam.ac.uk/scop/) [24]. 
The predictions were found to recapitulate much of the informa-
tion about functional sites in existing curated databases, specifically 
the Catalytic Site Atlas (CSA) [25] and the Binding MOAD data-
base [26], but many of the predictions of this structural method 
were left unvalidated. In parallel, text mining was used to auto-
matically extract residue mentions from abstracts of papers about 
the protein structure. The analysis provided evidence that residues 
mentioned in abstracts are often functionally important and 
showed that DPA sites containing residues mentioned in text are 
more likely to have validating information in the databases.

The text mining strategy was to extract from the text corpus all 
mentions of a specific residue, i.e., an amino acid at a specific posi-
tion in the sequence. A simple mention of, e.g., “Glycine” was not 
sufficient to support extraction; a localizable mention such as 
“Glycine 23” was required. Residues mentioned in the context of a 
mutation at a specific site, e.g., “Gly23Ala” were included. The 
implementation used a set of regular expressions representing pat-
terns corresponding to such localizable mentions of protein resi-
dues and mutations. The performance of this extraction algorithm 
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was characterized on three different corpora (http://bionlp- 
corpora.sourceforge.net/proteinresidue/). The performance was 
good and warranted its use in a validation context.

A high level view of the process that builds on the extraction of 
residue mentions is shown in Fig. 4. The process aims to map 
 residues mentioned in the text to physical residues in the relevant 
protein domains. By numerous measures, it was found that text 
residues do indeed provide supporting evidence for structure- 
based predictions of functional sites [22]. In addition, text residues 
were often found for sites for which annotations are not yet avail-
able. Taken together, the data showed that the functional impor-
tance of many residues not yet documented in the databases can be 
inferred from the identification of physically verified text residues. 
These results illustrate the potential for text analysis to make a sub-
stantial impact in providing supporting evidence for predictions 
and identifying new annotations. Further work has applied machine 
learning to more precisely characterize the specific activity at a 
given site based on the context of text mentions with promising 
results [27].

Figure 5 illustrates an example of literature-enhanced function 
prediction applied to a putative antibiotic resistance protein from 
Mycobacterium tuberculosis, Protein Data Bank (PDB) entry 
1YK3 [28]. Structure-based prediction using DPA predicted a 
large functional site. Automated analysis of the abstract text high-
lighted the functional importance His130 and Asp168. There was 
no evidence for the importance of His130 found in any of the 
databases examined. The Asp168 residue contacts a biologically 
relevant ligand in another structure in the same SCOP family. 

Fig. 4 High-level view of the text mining process in LEAP-FS, with validation against the protein sequence 
enabling mapping of residues mentioned in text to physical residues, potentially to multiple protein structures 
(top ) or to multiple chains of the same protein (bottom )
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The full text of the primary reference, which was not automatically 
analyzed due to restrictions on access to full text, but could be if 
such access were made possible, states that His130 and Asp168 are 
likely catalytic residues in the putative active site. The active site 
also includes many other DPA-predicted residues. Overall the inte-
grated analysis highlighted a putative active site that might be 
 worthy of annotation and suggested the possibility of a previously 
unappreciated functional role of several protein residues, perhaps 
as an allosteric site.

4 Notes

Computational protein function prediction remains a very active 
area of research, and the best strategies for accurate protein func-
tion annotation remain far from clear. Indeed, even the best mea-
sures for evaluating the performance of different strategies remains 
unclear.

 1. Evaluation of method performance: To assess the performance 
of any predictive method, it is important to have test sets that 
can be used to evaluate the method. Protein function predic-
tion methods have been evaluated in the past by considering 
the ability of prediction methods to reproduce curated GO 
annotations of proteins (e.g., using the GOA annotations 

Fig. 5 Example of LEAP-FS applied to a putative antibiotic resistance protein 
from Mycobacterium tuberculosis, PDB 1YK3. The protein is displayed as a light 
blue ribbon with a semitransparent surface. The predicted functional site from 
structure-based analysis is colored yellow , and the predicted residues men-
tioned in the abstract of the primary reference are rendered as sticks colored 
orange (His130 ) and magenta (Asp168 ). Text from the crystal structure publica-
tion abstract is shown on the right, with residue mentions in bold font
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introduced above [29]). Typically these evaluations use a 
 protein sequence or a protein name as the starting point for 
prediction.

The CAFA challenge used quite an interesting strategy for 
evaluating predictions [1]. Rather than using existed curated 
annotations, the organizers selected sequences in the Swiss-
Prot database that did not have functional annotations, under 
the assumption that a reasonable proportion of those sequences 
would acquire curated annotations during an evaluation 
period. This prevented any “gaming” of the predictive systems, 
as the annotations of the test data were entirely blind to the 
computational systems. The second CAFA challenge is now 
underway utilizing the same basic strategies, but targeting the 
Human Phenotype ontology in addition to the GO, and 
should provide insight into improvements in the state of the 
art methods.

Evaluation of methods specifically aiming at GO term 
extraction from text has been hampered by lack of structured 
test sets. In 2003, the first BioCreative included a task that 
addressed protein function prediction from a given text [7]. 
However, systems were required to produce evidence derived 
from an article for a given prediction, in addition to the pre-
diction itself, and the evaluation methods hinged on curators 
judging the relevance of that text. Since there was no gold 
 standard of expected evidence text, that evaluation was done 
entirely manually. The assessment of that task is therefore not 
reproducible. In BioCreative IV, being held at the time of this 
writing, there is a new task on GO term recognition, for which 
training and evaluation data has been provided (http://www.
biocreative.org/tasks/biocreative-iv/track-4-GO/). That task 
follows the paradigm in Fig. 1. Participants were provided with 
input full text articles and associated gene information; teams 
were asked to return a list of relevant GO terms for each of the 
input genes in a paper. Since this task focuses on predictions 
derived from a single paper, it is not completely analogous to 
the broader protein function prediction problem, but rather 
aims to stimulate development of text mining tools that can 
support curators who perform GO annotation. However, such 
tools clearly could form part of broader-scope protein function 
prediction system, as suggested in Fig. 2.

A recently released corpus provides additional opportunities 
to investigate methods for recognizing GO terms in text. The 
Colorado Richly Annotated Full Text Corpus (CRAFT) is a 
full-text corpus that has been annotated with terms from several 
ontologies, including the GO [30, 31]. Indeed, several publica-
tions have already targeted this resource for investigation of GO 
term recognition tools [11, 32, 33].
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 2. Evaluation measures for hierarchical prediction: An important 
consideration in any protein function prediction methodology 
that targets a complex structure such as the Gene Ontology 
is how to measure the performance of the predictive system 
within that complex structure. While this issue is not unique to 
text mining-based systems, the problem of evaluating classifica-
tion performance where classes are hierarchically organized is a 
problem that has been studied mostly in the context of text 
classification [34, 35]. The standard evaluation measures used 
for classification, namely Precision, Recall, and F-score, do not 
allow for “near misses” in the ontology space. For instance, if a 
system predicts a class G(x) = {C} for input x while the gold stan-
dard associates x to F(x) = {D}, where D subsumes C in the hier-
archy (e.g., D is the parent or grandparent of C), the standard 
measures would count this prediction as an error. Intuitively, 
however, the prediction is close to the correct answer and indeed 
given the hierarchical semantics, C implies D (i.e., C is a D), the 
correct answer is implied by the system prediction.

To capture this semantics, the standard evaluation measures 
can be extended to the hierarchical context. Hierarchical 
Precision, Hierarchical Recall, and Hierarchical F-score can be 
defined as follows, following [29]. Here, T(x) is the set of 
known (true) class assignments for an input x, P(x) is the set  
of predictions for input x, and ↑q indicates the set of ancestors 
of a node q ∈ Q in the hierarchical structure, that is, all of the 
nodes in the subgraph from node q up to the root of the tree.
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These measures calculate the relative sizes of the intersection 
sets (overlapping subgraphs) of the true answers as compared 
to the predicted answers. The more ancestors two elements of 
the hierarchy share, the “closer” they are judged to be. These 
measures thereby capture two important intuitions of measur-
ing correctness of an answer in hierarchical space: (1) correctness 
is scored based on how “close” the predicted answer(s) are 
from the gold answer(s) such that predicted answers can receive 
“partial credit” for being “close”, and (2) the more specific  
the predictions (the further down the hierarchy), the less pen-
alty they receive for being “close” but not exact. The latter 
follows from the measures using the size of the subgraphs and 
reflects the intuition that errors at the higher, more general 
levels on the hierarchy are more severe.

In recent work, an information-theoretic framework for 
evaluation in hierarchies has been proposed [36], specifically in 
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the context of evaluation of computational protein function 
prediction into the GO. This framework models the prior 
probability of a protein’s function in terms of a Bayesian net-
work reflecting the hierarchical structure, and introduces the 
measures misinformation and remaining uncertainty as infor-
mation-theoretic analogs of hierarchical precision and hierar-
chical recall, respectively. However, rather than focusing on 
the intersection of the two subgraphs, these measures look  
at the differences between the two subgraphs—i.e., how many 
nodes not in one as compared to the other—and consider the 
information content of those differences. Interested readers 
are referred to the original publication [36] for more details.

5 Conclusions

The published literature is a rich source of the most up-to-date 
information about protein function; a source that has typically 
been under-utilized in computational protein function prediction 
algorithms. However, there is growing research on topics that are 
useful as components of a broader protein function prediction 
strategy, including recognition of Gene Ontology terms in text and 
machine learning algorithms that take advantage of the structural 
properties of hierarchically structured output spaces, such as the 
Gene Ontology vocabulary. Given initial results from the first 
CAFA experiment that demonstrate significant value from inte-
grating text mined-features into protein function prediction, 
 coupled with the promise of using text mining to validate “noisy” 
predictions from orthogonal data sources, including protein 
structure, we can expect to see more research that explores novel 
algorithms for drawing on the rich context that text provides in 
protein function prediction.
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Chapter 7

Functional Molecular Units for Guiding Biomarker  
Panel Design

Andreas Heinzel, Irmgard Mühlberger, Raul Fechete,  
Bernd Mayer, and Paul Perco

Abstract

The field of biomarker research has experienced a major boost in recent years, and the number of 
 publications on biomarker studies evaluating given, but also proposing novel biomarker candidates is 
increasing rapidly for numerous clinically relevant disease areas. However, individual markers often lack 
sensitivity and specificity in the clinical context, resting essentially on the intra-individual phenotype vari-
ability hampering sensitivity, or on assessing more general processes downstream of the causative molecular 
events characterizing a disease term, in consequence impairing disease specificity. The trend to circumvent 
these shortcomings goes towards utilizing multimarker panels, thus combining the strength of individual 
markers to further enhance performance regarding both sensitivity and specificity. A way of identifying the 
optimal composition of individual markers in a panel approach is to pick each marker as representative for 
a specific pathophysiological (mechanistic) process relevant for the disease under investigation, hence 
resulting in a multimarker panel for covering the set of pathophysiological processes underlying the 
 frequently multifactorial composition of a clinical phenotype.

Here we outline a procedure of identifying such sets of disease-specific pathophysiological processes 
(units) delineated on the basis of disease-associated molecular feature lists derived from literature mining 
as well as aggregated, publicly available Omics profiling experiments. With such molecular units in hand, 
providing an improved reflection of a specific clinical phenotype, biomarker candidates can then be assigned 
to or novel candidates are to be selected from these units, subsequently resulting in a multimarker panel 
promising improved accuracy in disease diagnosis as well as prognosis.

Key words Gene sets, Omics profiles, Literature mining, Protein–protein interaction networks, 
Network modules, Biomarker candidates, Biomarker panels

1 Introduction

The mere data generation nurtured by high throughput “Omics” 
approaches has outstripped the ability to interpret the data space 
with respect to biological relevance. In addition, the number 
of biomarker candidates proposed in the literature is exploding 
 independent of the disease under study [1]. These biomarker 
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 candidates are often the result of explorative analysis in small 
patient cohorts in a pilot study setting, and the conclusion of these 
publications frequently culminates in “these results need to be 
 validated in a larger prospective study”, but then lack successful 
follow-up reports. Establishing appropriate sample cohorts for 
such validation studies is both time and labor intense, and in many 
cases cannot even be performed by a single research institution but 
ends up to be a complex, multicenter effort [2]. Once the appro-
priate biobanks are available and the relevant clinical data for char-
acterizing phenotypes are collected it comes to the critical part of 
defining which specific markers to measure in such precious 
samples, as the number of candidates amenable for measurement is 
naturally limited (next to assay availability) by the available sample 
volume. Beyond these practical issues certainly the optimal ratio-
nale for selecting biomarker candidates for validation is essential, 
where such candidates ideally are afflicted with molecular disease 
mechanisms and not only with disease-associated molecular pro-
cesses, in their totality serving as proxy for the various clinical 
presentations of a given phenotype.

We in the following discuss a workflow for linking Omics data-
sets and literature-derived feature sets associated with a disease 
under study towards identifying molecular models of disease in 
order to evaluate proposed biomarker candidates, and, if needed, 
to complement given with novel candidates, ultimately forming 
multimarker panels.

The following steps compose this workflow, as described in 
more detail in the materials section, and exemplarily executed for 
laying the basis for a multimarker panel for cardiovascular disease 
(CVD) phenotypes (coronary artery disease and atherosclerosis): 
(1) derive a comprehensive set of molecular features being identi-
fied as associated with disease molecular pathophysiology; (2) 
derive the associated set of molecular processes (units) and their 
connectivity (molecular model) reflecting the molecular patho-
physiology of the disease; (3) select a representative biomarker for 
each such molecular process, thus generating a multimarker panel 
capable of quantitatively assessing each individual molecular pro-
cess of disease relevance, and hence gaining a more complete rep-
resentation of the entire molecular model characterizing the 
disease.

The proposed workflow is applicable independent of specific 
use of such panel, be it in the diagnostic or prognostic setting, as a 
more detailed differential diagnostic (promised by multimarker 
panels) in turn relates to improved prognostic readout.
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2 Materials

Along with the methodological improvements and standardization 
of experimental Omics profiling procedures, and efforts of making 
analysis results as well as raw datasets available, meta-analysis of 
individual profiling experiments became feasible. Next to publica-
tions reporting the results of a specific Omics experiment, publicly 
available databases holding Omics raw data, as well as result signa-
tures have been established. Controlled vocabularies can be used 
to retrieve relevant datasets for a disease term of interest.

The most popular biomedical literature database is PubMed 
(http://www.ncbi.nlm.nih.gov/pubmed), being maintained by 
the National Center for Biotechnology Information (NCBI). The 
majority of the currently around 23 million publications indexed in 
PubMed are annotated with Medical Subject Headings (MeSH), 
thus facilitating the identification of specific studies. MeSH terms 
are arranged in a hierarchy with 16 top-level terms, including 
“Diseases”, “Organisms”, or “Analytical, Diagnostic and 
Therapeutic Techniques and Equipment.”

As an example, a query for heart failure associated human tran-
scriptomics studies may be formulated as:

“heart failure”[majr] AND (“microarray analysis”[mh] OR 
“gene expression profiling”[mh]) AND “humans”[mh] NOT 
review[ptyp]

The field modifier [mh] specifies publications being indexed 
with the corresponding MeSH term, whereas [majr] further limits 
the search to publications for which the corresponding MeSH 
term—as in our example heart failure—is designated as “major” 
(i.e., of particular relevance in the respective study). Depending on 
the particular disease of interest, “heart failure” needs to be 
replaced by the specific disease term, where valid terms for the 
given ontology can be identified at the MeSH Browser available at 
http://www.nlm.nih.gov/mesh/MBrowser.html.

The following search terms may be used for other Omics types 
next to transcriptomics (for which we suggest to use “microarray 
analysis”[mh] OR “gene expression profiling”[mh]): For microRNA 
studies the following query string should be used: (“microarray 
analysis”[mh] OR “gene expression profiling”[mh]) AND 
“microRNAs”[mh]. For Genome-Wide Association Studies 
(GWAS), proteomics and metabolomics studies the respective 
MeSH terms are “Genome-Wide Association Study”[mh], 
“proteomics”[mh], and “metabolomics”[mh].

Adding the terms “humans”[mh] and NOT review ensures that 
the resulting studies focus on human samples and are all original 
articles.

2.1 Omics Studies 
for Delineating 
Disease- Associated 
Molecular Feature 
Sets
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After execution of the query a manual curation step of search 
results is mandatory for evaluating in detail the study characteris-
tics, specifically including study hypothesis, number of samples 
used, sample characteristics, sample material, assay platform used, 
etc., otherwise comparability of individual studies and hence suit-
ability for integration is hampered.

For retrieving relevant molecular features of an Omics study 
various procedures are to be followed depending on the informa-
tion provided in the respective publication. The entire list of rele-
vant features (defined as being found as significantly associated 
with a phenotype in statistical testing) may be provided in the pub-
lication itself or as supplementary data. In other cases only an 
excerpt of relevant feature sets is presented in the paper, but the 
complete raw—as well as normalized and annotated data sets are 
provided in one of the public repositories as, e.g., in the Gene 
Expression Omnibus (GEO) in the case of transcriptomics studies 
[3]. The obvious advantage of accessing raw data is the possibility 
of an independent analysis without being restricted to the original 
setting of the authors (e.g., application of alternative preprocessing 
and statistical analysis strategies). Another repository for high- 
throughput transcriptomics data is the ArrayExpress database 
hosted by the European Bioinformatics Institute (EBI) [4]. Details 
on available preprocessing methods and a navigation through the 
statistical and bioinformatics analysis process can be found in 
Mühlberger et al. [5].

Databases holding findings from genetic association studies 
include the GWAS Catalog hosted by the National Human 
Genome Research Institute [6], GWAS Central (http://www.
gwascentral.org/), or the GWASdb [7].

Comprehensive databases on tissue-specific proteins in the 
context of specific diseases are comparably rare. One example is the 
Human Urinary Proteome database which holds information 
about protein abundance of roughly 4,000 human urine samples 
collected from subjects covering a wide spectrum of pathophysio-
logical conditions [8].

One of the most complete and comprehensive curated collec-
tion of human metabolite data (although not organized in the con-
text of human diseases) is the Human Metabolome Database 
(HMDB) with 40,283 entries and partly also disease associations 
[9]. Table 1 provides an overview of such databases together with 
the corresponding web links.

Next to utilizing Omics profiling data for assembling disease- 
associated features scientific text provides another valuable source. 
The importance of extracting information out of unstructured 
text, as for example from all titles and abstracts of scientific publica-
tions available at NCBI’s Medline, in an automatic way is gaining 
importance with increasing number of publications [10].

2.2 Literature Mining 
Approaches for 
Delineating Disease- 
Associated Molecular 
Feature Sets
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One approach is via the semiautomatically curated MeSH 
information provided in PubMed in conjunction with gene to 
publication links (gene2pubmed) also provided by NCBI. 
Publications being annotated with MeSH terms being also linked 
to genes imply evidence for association between these concepts. 
The advantage of linking genes to diseases via this approach, thus 
making use of the manual annotation, is the presumably lower 
number of false-positive assignments, with the limitation on the 
other hand of potentially missing a number of weak (but still rele-
vant) evidence links and generating false-positive gene to disease 
associations due to coarse co-mentioning.

Alternatively, or in addition, text mining methods may be 
employed to create gene to disease links from paper abstracts or 
full text articles. Text mining comprises of many technicalities with 
one being information extraction, being the task of identifying and 
extracting entities and relations between them.

One information extraction solution publicly available is EBI’s 
Whatizit service [11], offering pipelines for named entity recogni-
tion, the task of identifying text passages holding a certain real 
world entity (e.g., a gene name), and entity normalization, the task 
of assigning such entity to an actual record in a reference database, 
be it for genes, proteins, diseases, and other biomedical entities. 
The complexity of natural language renders identification of rela-
tions between entities complicated. Even though pattern recogni-
tion and machine learning-based approaches have been developed, 

Table 1 
Public repositories for Omics data

Database Web link

Transcriptomics

NCBI Gene Expression 
Omnibus

http://www.ncbi.nlm.nih.gov/geo/

EMBL Array Express http://www.ebi.ac.uk/arrayexpress/

GWAS

GWAS catalog http://www.genome.gov/gwastudies/

GWAS central http://www.gwascentral.org/

GWASdb http://jjwanglab.org/gwasdb/

Proteomics

Human Urinary Proteome 
database

http://www.mosaiques-diagnostics.de/

Metabolomics

Human Metabolome Database http://www.hmdb.ca/
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the much simpler approach of deriving associations between 
 entities from co-mentioning is often used for inference of molecu-
lar feature-to-disease association.

A biomedical resource utilizing text mining for extraction of 
molecular entities from free text containing keywords of interest is 
the Fast Automated Biomedical Literature Extraction (FABLE) 
resource (http://fable.chop.edu). The information hyperlinked 
over protein (iHop) service as further option uses text mining 
methods for building a navigable gene interaction network from 
scientific literature in PubMed [12]. Gene2MeSH employs a statis-
tical approach utilizing MeSH indexing information from PubMed 
and gene publication links as reported in NCBI gene for annotat-
ing genes with concepts available in MeSH.

One major challenge in molecular feature consolidation utilizing 
Omics profiling and literature mining results is overcoming name 
space fragmentation with the primary aim of linking gene and pro-
tein name spaces. Different organizations use different identifiers 
for the same biological entities (genes, proteins, disease terms, etc.) 
with the larger institutions setting the standards. Noteworthy orga-
nizations providing relevant namespaces are, among others, the 
NCBI, the European Molecular Biology Laboratory (EMBL), and 
the Universal Protein Resource (UniProt) [13]. Additionally to 
individual namespaces, each such institution also provides a cross-
reference attempting to match foreign identifiers to its own name 
space conventions. Such mappings are also plagued by technical 
shortcomings, with the most relevant ones being incompleteness 
and inconsistency, i.e., mappings provided by different institutions 
are not bijective. Reasons are twofold, the first one being of techni-
cal nature as the individual update cycles are asynchronous, and the 
second one being of conceptual nature due to diverging interpreta-
tions of, e.g., genome assembly. In an attempt to overcome these 
shortcomings, initiatives to provide a single standardized namespace 
exist, such as the HUGO Gene Nomenclature Committee (HGNC) 
(http://www.genenames.org), which has assigned unique gene 
symbols and names to over 34,000 human loci so far, of which 
around 19,000 are protein coding.

Aside from inconsistencies between different namespaces, 
information aggregation faces additional challenges related to the 
type of biological entity included in consolidation. Integrative 
approaches spanning different Omics types (cross-Omics) are par-
ticularly vulnerable. To exemplify, an approach attempting to 
aggregate transcriptomics and proteomics data needs to address 
the aspect of mRNA splicing, i.e., the RNA of a gene being trans-
lated into protein (splice) variants. This situation is further ham-
pered by data incompleteness, e.g., proteomics data inherently 
addressing a certain splice variant being frequently reported only 
with the respective gene name. Linking proteomics information 

2.3 Namespace 
Consolidation 
(Annotation)
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directly to the gene ignores the aspect of splicing, while linking 
transcriptomics information to each of a gene’s splice variant gen-
erates redundancy and imprecise assignment.

To support integration efforts in overcoming mapping difficul-
ties, several bioinformatics tools have been developed and made 
publicly available. The ENSEMBL BioMart (http://www.
ensembl.org/biomart/martview/) is a comprehensive resource 
for mapping and retrieving molecular data including exons/
introns, homology and sequences for various organisms [14]. The 
Database for Annotation, Visualization and Integrated Discovery 
(DAVID) Gene ID Converter (http://david.abcc.ncifcrf.gov/
conversion.jsp) aims at mapping identifiers while working in con-
junction with additional tools of the DAVID Bioinformatics 
Resources to provide functional gene set analysis services [15]. 
The Clone|Gene ID converter (http://idconverter.bioinfo.cnio.
es/) is part of the Asterias suite for analyzing genomic and pro-
teomic data, serving from normalization to development of predic-
tive models. Finally, the UniProt ID Mapper (http://www.
uniprot.org/mapping/) aims not only at linking identifiers from 
different namespaces but also at identifying biological entities via 
sequence alignment [13].

A particular effort is necessary when integrating Omics data 
beyond genes and proteins. This is the case, among other instances, 
for bringing metabolites and microRNA (miRNA) information to 
the gene and protein name space. For metabolites one way is to 
extract the enzymes being involved in their metabolism, potentially 
together with transporters. A comprehensive resource for 
metabolite- protein/enzyme mapping is the previously mentioned 
HMDB.

miRNAs are short, nonprotein coding RNA fragments that 
regulate gene expression. As such, when investigating miRNAs 
determining their target genes is essential. Cascione et al. provide 
a review of routines for miRNA expression profile analysis together 
with tools for target prediction [16]. Additionally, the miRTarBase 
(http://mirtarbase.mbc.nctu.edu.tw/) provides high-quality 
information on experimentally verified miRNA–target relation-
ships [17].

After extraction of disease term-associated molecular feature sets, 
followed by name space consolidation, the resulting feature list 
needs to be mapped on molecular interaction networks. A number 
of experimental as well as computational methods for identifying 
protein–protein interactions, with high-throughput methods like 
yeast-two-hybrid or affinity purification have rendered large-scale 
characterization of the human protein interactome feasible. Since 
the first creation of databases holding protein–protein interaction 
data not only the number of databases but also coverage of the 
specific types of interactions substantially increased [18]. Next to 

2.4 Protein–Protein 
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physical protein–protein interactions data have also become 
 available on genetic interactions or drug–target interactions. 
Adoption of the PSI-MI data format developed by the Human 
Proteome Organization Proteomics Standards Initiative (HUPO-
PSI) molecular interaction workgroup (MI), together with the use 
of controlled vocabularies, raised consistency among the various 
databases, and significantly reduced the effort to search, filter and 
combine data from different sources [19]. The use of common 
data formats was also the basis for the development of the 
Proteomics Standard Initiative Common QUery InterfaCe 
(PSICQUIC) providing a standardized way for programmatic 
access to molecular interaction databases [20]. A comprehensive 
overview on protein–protein interaction databases was recently 
published by Orchard [18]. In the following we focus in more 
detail on the Biological General Repository for Interaction Datasets 
(BioGRID) [21], IntAct [22], and Reactome [23].

BioGRID is a publicly accessible database holding next to 
human genetic and protein–protein interactions also datasets for 
selected model organisms. Interaction data in BioGRID are manu-
ally curated from published literature, or come from interaction 
datasets directly deposited by the respective authors. While 
BioGRID provides extensive coverage of literature for certain 
selected model organisms, curation of human molecular interac-
tions is limited to particular areas of interest. As of March 2013 
BioGRID holds more than 640,000 genetic and protein–protein 
interactions in total, with more than 180,000 being interactions 
for human. The interaction data can be accessed via the search 
portal provided at http://thebiogrid.org or may be directly 
imported into Cytoscape, a prominent visualization tools for inter-
action networks [24]. Data are also available for download in one 
of multiple xml or text-based formats including PSI-MI.

IntAct is an open source database holding next to protein–pro-
tein interaction data from various species also interactions of pro-
teins and small molecules, as well as protein–gene interactions. 
IntAct interaction data are manually curated either from published 
literature or direct data depositions and are not released before 
approval by a senior curator. As of April 2013 IntAct in total pro-
vides more than 300,000 interactions, with more than 93,000 
interactions for human. Besides the IntAct search portal at http://
www.ebi.ac.uk/intact, from where data can be directly imported 
and visualized using CytoscapeWeb [25], data can also be down-
loaded in the PSI-MI data format.

REACTOME is an open source, publicly accessible, peer 
reviewed molecular pathway database with primary focus on 
human pathways. Along with pathway information molecular 
interactions derived from reactions and complexes available in 
REACTOME are provided. As of April 2013 REACTOME offers 
more than 2,000,000 interactions, of which 127,934 interactions 
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are for human. Reactome data can either be explored using the 
Reactome Pathway Browser available at http://www.reactome.
org or downloaded in various file formats also supporting the rep-
resentation in categories of biological pathways. In addition, 
molecular interaction data are available for download in PSI-MI 
data format.

Next to quantitative analysis of networks also their qualitative 
(visual) inspection supports identification of disease-specific net-
work areas. A number of biological data visualization tools have 
become available with Cytoscape, Osprey [26], or VisANT [27] as 
representatives with a specific focus on interaction networks, as 
further discussed in more detail in Suderman et al. [28] as well as 
in Gehlenborg et al. [29]. The user community, as well as the num-
ber of available plugins developed from users all over the world for 
the open-source software framework Cytoscape is constantly grow-
ing [24]. Cytoscape in the meantime has evolved from a tool focus-
ing essentially on visualization of large networks to a graph analysis 
framework, offering more than 40 plugins available at http://
www.cytoscape.org/. Functionalities range from (1) calculating 
graph properties as node degree, betweenness, or characteristic 
path length, (2) coloring nodes based on gene expression profile 
data in order to identify up- or downregulated network areas, or 
(3) graph layouting based on information regarding subcellular 
location of individual proteins helping in understanding cross- 
compartment signaling cascades. The ability to segment large net-
works into smaller subgraphs holding molecules being part of joint 
biological processes is another feature of relevance implemented in 
a number of graph visualization tools which will be discussed in 
more detail in the next section.

Populating interaction networks with disease-associated molecular 
feature sets usually results in subgraphs. For approximating distinct 
molecular processes (units) in such subgraph clustering algorithms 
may be applied. Topological network clustering algorithms employ 
different approaches for cluster identification and can be classified 
for example based on their support for weighted networks, or par-
ticipation of nodes in final clusters, and information required. 
Global clustering algorithms, in contrast to local methods, require 
all nodes to be assigned to at least one cluster [30]. Furthermore, 
methods allowing overlapping clusters with single nodes belong-
ing to multiple clusters can be discriminated from procedures 
where a node is deemed being uniquely represented in a single 
cluster. Local search algorithms allow addressing cases where load-
ing the entire network at once is not computationally feasible, or 
information is initially only available for some local segments of the 
network. Currently there is no single best solution for clustering 
molecular interaction networks, and the different approaches 
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employ different criteria for the generation of clusters, like 
 optimizing betweenness values or number of cuts necessary for 
cluster formation.

In the following we introduce two popular algorithms for bio-
logical network analysis, namely the Molecular Complex Detection 
(MCODE) algorithm [31], as well as the Markov Clustering 
Algorithm (MCL) [32]. The reader is referred to [30] and [33] for 
more details on clustering approaches and comprehensive lists of 
available methods.

MCODE identifies clusters of densely interconnected nodes in 
molecular networks following a three-step procedure: Initially all 
nodes in the graph are assigned weights based on the density of 
their direct neighborhood. Subsequently, outwards traversals start-
ing from the highest weighted node available adding all nodes 
above a certain weight threshold are performed for identifying 
densely connected clusters. Nodes being already assigned to a clus-
ter will neither be considered as start node nor can be added to a 
growing cluster during outwards traversal. Finally, in a postprocess-
ing step based on the setting of configuration parameters, MCODE 
removes clusters not meeting minimum topological requirements. 
For the initial node weighting step information about the entire 
network is required, whereas for subsequent steps local information 
is sufficient. MCODE allows nodes to be assigned to more than one 
cluster if the “fluffing” option is enabled, but does not demand a 
node to be assigned to a specific cluster. Besides the original com-
mand line version a MCODE Cytoscape plugin is available.

MCL divides a network into densely connected regions 
 (clusters) using a random walk-based simulation of flow. The basic 
principle behind MCL is that random walks are unlikely to leave 
dense network regions, and as such will only infrequently go from 
one (high density) cluster to another. Simulated random walks 
using the two alternating operations of expansion and inflation 
are used to estimate transition probabilities between nodes. While 
MCL may be executed on unweighted networks it can also make 
use of edge weights (if available for a given interaction network) 
and requires global information about the network. A MCL result 
holds all nodes in the final clustering and does only allow unique 
assignment of nodes to clusters.

Utilizing molecular feature sets associated to a disease term 
mapped on an interaction network, subsequently interpreted on 
the level of identified clusters can now serve as basis for functional 
interpretation of such disease-associated molecular clusters (units), 
in turn serving evaluation of biomarker candidates.

Besides the need to evaluate individual molecular features with 
respect to relevance in a specific disease (biological) context, a fur-
ther issue is to functionally characterize an entire set of such fea-
tures as, e.g., of clusters identified on disease-associated subgraphs. 

2.7 Functional 
Interpretation of Gene 
Clusters
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Given a set of genes being presumably functionally linked, a 
 standard analysis approach used to reveal more information on the 
biological context of a feature set is Gene Set Enrichment Analysis 
(GSEA) [34]. GSEA compares the biological roles (e.g., on the 
level of pathway assignment) of members of a given feature set to 
the background frequency of feature assignments to such biologi-
cal roles and utilizes statistical testing for unraveling significant 
enrichment or depletion of such roles in a given feature set (see 
Note 1). Statistical significance is usually computed using the Chi- 
Squared test or Fisher’s Exact test. The pathways of the Kyoto 
Encyclopedia of Genes and Genomes (KEGG) [35] or Gene 
Ontology (GO) terms [36] may be used as reference gene sets. 
The previously mentioned DAVID Functional Annotation 
Bioinformatics Microarray Analysis tool may be used for auto-
mated GSEA on the basis of several resources such as KEGG, GO, 
or PANTHER.

Based on the National Institutes of Health (NIH) definition a bio-
marker is “a characteristic that is objectively measured and evaluated 
as an indicator of (1) normal biological processes, (2) pathogenic 
processes, or (3) pharmacologic response to a  therapeutic interven-
tion” [37]. Biomarkers can either be classified (among other schemes) 
based on the type of biomolecule or regarding their use. Next to 
clinical biomarkers like age or blood pressure, molecular markers on 
the level of DNA, RNA, proteins, or metabolites may be used for 
characterizing phenotypes. Regarding use there are (1) screening 
markers to detect disease at an early stage, (2) diagnostic markers to 
establish the presence of disease, (3) prognostic markers to allow pre-
dicting the course of disease progression, (4) predictive markers 
to predict outcome with regard to therapeutic intervention, and 
(5) monitoring markers to measure response to a specific treatment.

For example, identifying biomarker candidates reported in the 
public domain the MeSH term “Biological Markers” may be used 
to identify publications with a focus on biomarkers, which covers a 
wide range of terms like “Biochemical Marker,” “Clinical Marker,” 
“Immunological Marker,” or “Surrogate Marker,” among others. 
There is a specific MeSH term for tumor markers entitled “Tumor 
Markers, Biological” as well as for genetic markers entitled “Genetic 
Markers,” both subterms of the MeSH term “Biological Markers.” 
If specifically interested in drug monitoring markers, the MeSH 
term “Biomarkers, Pharmacological” in conjunction with the 
MeSH term “Drug Monitoring” may be used.

For numerous disease terms and use scenarios molecular bio-
markers have been reported over the last decade. Utilizing the 
definition of “measuring and evaluating a biological process” such 
biomarkers may now be assigned to molecular clusters/processes 
as identified via segmentation of disease term associated subgraphs, 
as discussed above. Following the assumption that such functional 
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clusters resemble core elements of the molecular pathophysiology 
of a specific disease, selecting biomarker candidates being members 
of such process sets promise improved monitoring of the disease as 
such, be it on the diagnostic or prognostic level. Accordingly, 
holding the set of clusters (disease-associated processes) allows to 
(1) specifically select biomarker candidates out of the (frequently 
extensive) set of reported candidates, or if needed (2) allows selec-
tion of novel candidates in case specific processes of relevance are 
not yet covered by already reported candidates.

The result of this procedure is a multimarker panel, where each 
marker serves as proxy for an individual process (molecular unit) of 
relevance, and the panel promises better coverage of the entire 
molecular disease pathophysiology.

3 Methods

In the following we exemplify the workflow elements discussed 
above focusing on aspects of cardiovascular disease (CVD, with the 
specific pathophysiologies of coronary artery disease and athero-
sclerosis) as an example case. Next to deriving a molecular feature 
set associated with CVD, followed by populating an interaction 
network for deriving a CVD-specific subgraph and segmenting this 
CVD subgraph for deriving CVD-associated molecular units, we 
evaluate biomarker candidates reported in the context of CVD, 
thus laying the ground for forming multimarker panels covering 
CVD pathophysiology.

Relevant CVD Omics studies are identified from PubMed and, 
specifically for transcriptomics, in the public Omics repositories 
GEO and ArrayExpress.

 1. The following query is used at PubMed to identify transcrip-
tomics studies on coronary artery disease and atherosclerosis: 
(“atherosclerosis”[majr] OR coronary artery disease[majr]) 
AND (“microarray analysis”[mh] OR “gene expression 
profiling”[mh]) NOT “review”[ptyp] (see Note 2). Applying 
this query results in 234 publications (as of March 2013).

 2. Paper title and abstract of the resulting 234 publications are 
manually checked for the level of disclosed Omics profiling 
results using arteries as sample material, and appropriateness of 
the specific disease phenotype included in the individual stud-
ies. The following four studies are considered appropriate and 
are forwarded to feature extraction (Table 2).

 3. Lists of differentially expressed genes (DEGs) comparing CVD 
and control samples are obtained from the publications itself or the 
supplementary data files for three of the four studies, namely from 
Archacki et al., Cagnin et al., as well as Volger and colleagues. 

3.1 Deriving a CVD 
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Archacki et al. lists differentially expressed genes as explicit table in 
the publication. The authors provide for each gene next to the 
GenBank ID, the description and their  molecular activity together 
with the direction of regulation (up/down) in CAD samples. 
Cagnin et al. provide lists of differentially expressed genes in the 
associated GEO record GSE11138. Volger et al. provide the list of 
differentially expressed genes in the supplemental material of the 
respective publication as found on the Journal of Pathology web-
page (http://www.journals.elsevierhealth.com/periodicals/ajpa/
article/S0002- 9440%2810%2961966-9/addOns).

 4. Reanalysis based on the raw expression files is necessary for the 
study published by Haegg et al., as the complete list of differen-
tially expressed genes associated with CAD is neither given in 
the paper nor in the supplementary data files. The microarray 
expression raw data of the study are deposited in NCBI’s GEO 
database with the GEO series ID GSE40231. A link-out to the 
GEO dataset is provided in the section “Related Information” 
at the PubMed entry of the publication (http://www.ncbi.nlm.
nih.gov/pubmed/19997623). Besides information about the 
study design the raw data files as well as processed data files are 
provided. For analysis of the data provided we used CARMAweb 
for data preprocessing including background correction, sum-
marization of probe set values, as well as MAS5 normalization 
[38]. Significance analysis of microarrays (SAM) [39] as 
included in the open source MultiExperiment Viewer (MeV) 
software [40] is further applied to the normalized expression 
matrix for identification of significantly differentially expressed 
genes comparing samples from the atherosclerotic and the non- 
atherosclerotic arterial wall, setting the false discovery rate to 
<5 % and the fold change cutoff to >2.

Table 2 
List of selected transcriptomics studies in the CVD context

First author Study title Citation

Archacki et al. Identification of new genes differentially expressed in coronary artery 
disease by expression profiling

[46]

Cagnin et al. Reconstruction and functional analysis of altered molecular pathways  
in human atherosclerotic arteries

[47]

Volger et al. Distinctive expression of chemokines and transforming growth factor-
beta signaling in human arterial endothelium during atherosclerosis

[48]

Haegg et al. Multi-organ expression profiling uncovers a gene module in coronary 
artery disease involving transendothelial migration of leukocytes  
and LIM domain binding 2: the Stockholm Atherosclerosis Gene 
Expression (STAGE) study

[49]
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The number of identified genes showing deregulation on the 
mRNA level in the set of four transcriptomics datasets is given in 
Table 3, being complemented by the set of literature derived fea-
tures as outlined in the next section.

In addition to the differentially expressed genes on CVD we also 
generate a set of relevant molecular features (genes and proteins, 
respectively) following an automatic literature mining procedure.

 1. The following query is used at NCBI PubMed in order to 
identify publications on coronary artery disease and athero-
sclerosis: “atherosclerosis[majr] OR coronary artery 
disease[majr]” resulting in a set of 145,208 publications (as of 
March 2013).

 2. Genes of relevance in this set of publications are identified 
using the gene2pubmed file as provided by NCBI (ftp://ftp.
ncbi.nih.gov/gene/DATA/gene2pubmed.gz). The list of 
PubMed IDs (PMIDs) can be downloaded via the “Send to 
file” mechanism and is subsequently used for identifying genes 
in the gene2pubmed file being reported in the context of the 
extracted set of publications. As we are only interested in 
human genes, we limit the extraction to those entries with the 
human taxonomy ID 9606, by this deriving a set of 1,505 
genes associated to CAD and atherosclerosis.

For integrating data from the different sources (transcriptomics 
profiles as well as literature), it is necessary to map the obtained 
data to a common namespace. The result of the automatic litera-
ture mining process is a list of NCBI ENTREZ Gene IDs. Volger 
et al. provide Gene Symbols. Cagnin et al. as well as Archacki et al. 
provide NCBI GenBank identifiers. Reanalysis of the data set 
from Haegg et al. led to a list of deregulated transcripts with the 

3.2 Complementing 
the CVD Omics Feature 
Set via Literature 
Mining

3.3 Namespace 
Consolidation  
of Feature Sets from 
Omics and Literature 
Mining

Table 3 
Number of identified molecular features associated with CVD in the selected 
Omics studies as well as following the automatic literature search

Study Number of molecular features

Archacki 2003 Omics study 90

Cagnin 2009 Omics study 1,070

Volger 2007 Omics study 978

Haegg 2009 Omics study 625

Literature mining approach 1,505

Total number of unique features 3,781
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corresponding Affymetrix probe identifiers. DAVID offers a 
convenient tool for mapping various identifiers to a common 
namespace, being in our case the Ensembl Gene IDs [41].

 1. At the DAVID webpage (http://david.abcc.ncifcrf.gov/) 
select the DAVID Gene ID Conversion tool.

 2. Upload the list of identifiers for annotation either by pasting 
the list into the respective form or via file upload.

 3. Select the type of identifiers provided from the drop-down menu 
(for GenBank use GENBANK_ACCESSION, for ENTREZ Gene 
ID use ENTREZ_GENE_ID, for Gene Symbols use OFFICIAL_
GENE_SYMBOL, and for Affymetrix probe IDs derived from 
Haegg et al. use AFFYMETRIX_3PRIME_IVT_ID).

 4. Select the “gene list” radio button and submit the list.
 5. Once all lists are uploaded proceed with mapping to Ensembl 

Gene IDs by selecting the respective lists in the List Manager 
Tab and press the “Use” button.

 6. Select “Gene ID Conversion tool” from the “Shortcut to 
DAVID Tools menu” in the top menu bar, select  “ENSEMBL_
GENE_ID” as target namespace, and click the “Submit to 
Conversion” Tool button.

 7. The resulting table with aligned identifiers can be downloaded 
as tab-delimited text file.

The set of consolidated and annotated molecular entities derived 
for CVD serve as input to extract protein–protein interaction data 
from three publicly available databases, thus generating a protein–
protein interaction network specifically covering a CVD interac-
tome. For this, molecular protein–protein interaction data from 
BioGRID, IntAct and Reactome are used.

 1. BioGRID interaction data for various organisms are down-
loaded from http://thebiogrid.org/download.php in Tab 2.0 
delimitated text file format (BIOGRID-ORGANISM-3.2.98.
tab2.zip as of March 2013).

IntAct data are accessible at ftp://ftp.ebi.ac.uk/pub/
databases/intact/current in the psimitab format.

Reactome Human protein–protein interaction pairs in tab- 
delimited format are downloaded from http://www.reactome.
org/download/index.html (Fig. 1).

 2. Interactions in the human BioGRID interaction file 
(BIOGRID-ORGANISM- Homo_sapiens-3.2.98.tab2.txt) 
with annotation in the phenotype field are excluded from fur-
ther analyses, as are interactions holding an interactor from 
species other than human. The remaining interactions are 
mapped to Ensembl Gene IDs.

3.4 Populating a CVD 
Protein–Protein 
Interaction Network
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 3. The interaction file from the IntAct database (intact.txt) holds 
interactions from all organisms in one file, and therefore only 
interactions where both interactors are of human origin are 
kept for further analyses leaving all rows in the file with the 
human taxonomy id 9606 in the columns entitled Taxid inter-
actor A and Taxid interactor B. Molecular entity identifiers 
provided in the fields ID(s) interactor A and ID(s) interactor B 
are mapped to Ensembl Gene IDs.

 4. Interactions holding one nonhuman interactor are also 
removed in the Reactome file (homo_sapiens.interactions.txt). 
Remaining interactions are mapped to the Ensembl Gene IDs.

Fig. 1 Protein–protein interaction file formats. Clippings of the different protein–protein interaction files derived 
from BioGRID (a), IntAct (b), and Reactome (c) are depicted. Only columns with information subsequently used 
in the analysis are shown
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 5. Protein–protein interactions from the three different files are 
combined into one tab-delimited text file holding one interac-
tion per row with the Ensembl IDs as common identifiers of 
the interactors. Duplicate entries are removed to ensure that 
each interaction is present only once in the datafile. In addition 
interactions from one protein with itself (homodimers) are also 
discarded.

 6. Based on the consolidated interaction file the disease-specific 
network is generated, thus focusing only on interactions hold-
ing two members of the consolidated CVD feature set. We in 
total identify 27,963 protein–protein interactions involving 
3,396 proteins reported as associated with CVD.

The consolidated, CVD-specific protein–protein interaction data 
file serves as input for the network visualization tool Cytoscape 
V2.8.3 for graphical representation of the interaction network.

 1. The protein–protein interaction data file is imported into 
Cytoscape using the “Network from Table” wizard 
(File → Import → Network from Table (Text/MS Excel)).

 2. Source and Target interactions are set to the first and second 
field (column) of the tab-delimited file, respectively, and 
“default interaction” is used as interaction type.

 3. After import of the network the number of sources (Omics 
studies/features identified through literature mining) report-
ing each individual gene are imported using the “Attribute 
from Table (Text/MS Excel)” wizard, node color settings are 
changed in VizMapper to reflect the source data information, 
and the network was layouted (see Note 3 for information on 
layout algorithms). A rendering of the CVD network is pro-
vided in Fig. 2.

The resulting CVD-associated network is further segmented into 
clusters of highly connected nodes, as we are ultimately interested 
in sets of nodes (genes/proteins) involved in specific molecular 
processes.

 1. The Molecular Complex Detection (MCODE) algorithm, avail-
able as Cytoscape plugin, is used for identifying highly connected 
subnetworks (see Note 4 on how to install Cytoscape plugins). 
The MCODE plugin is started via Plugins → MCODE → Start 
MCODE and executed using the default parameters, namely 
“include loops no,” “degree cutoff 2,” “haircut yes,” “fluff no,” 
“node score cutoff 0.2, K-Core 2,” and “max depth 100.”

 2. Identified clusters are inspected by selecting one after the other 
in the Cluster Browser provided in the Cytoscape result panel, 
and subsequently exported using the “export” functionality 

3.5 Visualization  
of the CVD Network

3.6 Segmenting  
the CVD Network
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offered in the result panel. Executing this procedure we in 
total identify 50 clusters, which we in the following consider 
being molecular units, ranging in size (number of molecular 
features) from 3 to 98.

 3. One representative cluster and its location in the overall net-
work is exemplarily given in Fig. 3.

 4. In addition, a unit–unit graph resembling a molecular model for 
CVD is compiled from the clustering result: In such model 
nodes represent individual units, and edges encode relations 
between units. The strength of relation between each pair of 
units is determined by the ratio of relations connecting members 
from different units with respect to maximum relations possible 
(being m × n, where m and n are the respective sizes of the two 
units). A rendering of such molecular model is given in Fig. 4a.

We next apply gene set enrichment analysis for each of the identi-
fied CVD units using the gene ontology reflecting biological 
processes.

 1. Molecular features of each unit are combined into a single text 
file in DAVID’s multi-list file format. This file is subsequently 
used as input for DAVID’s functional annotation tool accessi-
ble at http://david.abcc.ncifcrf.gov/ by selecting “Functional 
Annotation.”

 2. Input files can be uploaded to DAVID using the same upload 
form as previously used for uploading gene lists for identifier 

3.7 Functional 
Interpretation of CVD 
Units

Fig. 2 Giant component of the disease-specific interaction network. Nodes represent proteins associated to 
CVD, and edges encode protein–protein interactions. Nodes colored in red indicate genes being identified as 
relevant in multiple sources (i.e., the four Omics studies or the literature derived list). (a) Holds the entire giant 
component, whereas (b) shows a detailed representation of the area highlighted in (a)
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mapping. Attention needs to be paid to activate the checkbox 
next to “Multi-List File.”

 3. Once the file is uploaded and the list manager box on the list 
tab is populated with the individual lists from the supplied 
multi-list file, the various annotations for an individual list can 
be retrieved by selecting the respective list in the list manager, 
then clicking the “use” button, and finally selecting the respec-
tive annotation of interest on the right hand side of the page. 
For “gene ontology process” expand the gene ontology cate-
gory, and select the “Chart” button next to “GOTERM_BP_
FAT” for retrieving the list of process terms being enriched. 
The result holds the category a specific term is assigned to, the 
actual term itself, information about the number of genes from 
the input list assigned to a term, as well as the raw and cor-
rected p-value of the Fisher’s Exact test expressing statistics of 
enrichment. The “Download File” link above the upper right 
corner of the results table allows downloading the entire result 
as tab- delimited file. The most enriched GO categories for the 
three largest subnetworks are listed in Table 4.

Fig. 3 MCODE output. The Cytoscape screenshot shows the disease-specific network as well as clusters identi-
fied by MCODE visible in the MCODE result panel. Nodes belonging to the currently selected cluster (cluster 1) 
are highlighted in yellow
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A set of CVD biomarker candidates is retrieved following an 
 automatic literature search.

 1. 4,768 publications (as of March 2013) are identified using the 
following PubMed query: “(atherosclerosis[majr] OR coronary 
artery disease[majr]) AND biological markers[mh:noexp]”  
(see Note 5).

 2. Molecular features being annotated in this set of publications 
in the context of biomarkers discussed are identified using the 
NCBI gene2pubmed file in the same way as described above 
for literature mining approaches. We in total derive a set of 333 
marker candidates.

 3. Identified marker candidates are subsequently mapped on the 
50 CVD units. 27 of the 50 units hold at least one marker can-
didate, addressing 16 out of the 17 largest units (see Fig. 4a). 
This given assembly of biomarker candidates forms a selected 
panel for CVD, promising improved evidence for involvement 
in CVD pathophysiology. Such set may be further comple-
mented for also including further CVD clusters not yet covered, 
needing the selection of novel candidates for such additional 
clusters. An approach is to screen further clusters for molecular 
features being reported as biomarker candidates in the context 
of some other disease phenotype or by screening for candidates 
with suitable subcellular location for allowing assaying.

Next to selection of marker candidates also drugs and their 
respective targets may be investigated in the molecular units con-
text. Drugs and their respective drug targets may be retrieved from 
DrugBank and subsequently used to annotate individual unit 
members [42].

 1. The list of drugs and their respective targets can be conveniently 
retrieved using the batch exporter “Data Extractor” in 
DrugBank’s Search menu available at http://www.drugbank.ca.

3.8 Evaluation  
of CVD Biomarker 
Candidates

Table 4 
Top enriched GO terms of the three largest molecular units

UNIT UNIT size GO term

UNIT 2 98 Complement activation, classical pathway

UNIT 2 98 Humoral immune response mediated by 
circulating immunoglobulin

UNIT 7 83 Regulation of Rho protein signal transduction

UNIT 7 83 Cytoskeleton organization

UNIT 1 76 G-protein-coupled receptor protein signal pathway

UNIT 1 76 Cell surface receptor-linked signal transduction
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 2. The list on the left-hand side of the “Data Extractor” allows 
 adding individual drug details to the search result. The fields 
“Generic Name” and “DrugBank ID” are automatically included 
in the search result. Including the “Target Field” “UniProt ID” 
into the search result allows retrieving respective drug targets. 
Adding the “Drug Field” and “Drug Group” in addition to the 
search result and restricting its value to “approved” by entering 
the string “Approved” in the respective text field allows restrict-
ing the search result to approved drugs only.

 3. After all required fields are added to the search result the out-
put type may be switched to CSV Excel by choosing the respec-
tive option from the drop-down menu provided at the bottom 
of the page. Finally the search can be executed by clicking on 
the “Search” button and the resulting CSV file can be saved.

 4. The list of drugs and their respective targets retrieved from 
DrugBank comes with Uniprot IDs. With the help of DAVID’s 
Gene Id Conversion tool those IDs can again be mapped to 
the Ensembl gene IDs.

Utilizing this procedure we in total identify 208 drug targets 
of 611 different drugs in 35 distinct molecular units of the CVD 
set of processes (drugbank data status as of March 2013). Unit 13, 
holding 33 proteins, is exemplarily shown in Fig. 4b, with interac-
tions between individual proteins arranged according to subcellu-
lar location of proteins. In addition, the top 5 enriched gene 
ontology terms are given together with the drugs targeting pro-
teins also reported as biomarker candidates in the context of CVD.

Transforming disease term-associated molecular feature sets 
into a molecular model as a composition of disease term-specific 
functional units promises a better reflection of a diseases molecular 
pathophysiology. In consequence, more informed retrieval of bio-
marker candidate panels also in conjunction with target/drug 
information becomes amenable [43].

4 Notes

 1. GSEA has certain pitfalls, as the selection of the background, i.e., 
the total set of genes considered to underlie the investigated lists, 
naturally impacts statistics. For example, when comparing a set of 
genes found to have a significant differential regulation in a tran-
scriptomics case–control study to a curated pathway, the question 
arising is which background to use for the contingency table. 
Neither the number of features included on the array nor the 
total size of the pathway database serves as an ideal reference.

 2. MeSH query “Coronary artery disease” versus Coronary 
artery disease:
Unquoted search terms tagged as MeSH term or MeSH Major 
Topic (using [mh] or [majr], respectively) are automatically 
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not marker, not target

a

b

marker

target

marker & target

GO term Count p-value

cell surface receptor 

regulation of cell 

Drug target Drug name DrugBank Id
response to wounding 12 4.53163E-06

protein kinase cascade 10 1.98138E-05

linked signal transduction 15 0.002244867

proliferation 10 0.005232365

regulation of apoptosis 10 0.00496076

TLR2 OspA lipoprotein DB00045

S100B Olopatadine DB00768

TNFRSF1B Etanercept DB00005

S100A12 Amlexanox DB01025

S100A12 Olopatadine DB00768

Fig. 4 Unit–unit graph and detailed representation of unit 13. A schematic representation of the unit–unit graph 
(molecular model), where individual units are represented by nodes and relations between units based on 
interaction counts between individual unit members are encoded by edges. (a) Protein–protein interactions 
between unit members are schematically illustrated for the eight largest units. Units holding at least one bio-
marker are marked with an asterisk. (b) Exemplarily depicts the network resembling unit 13, where proteins 
are arranged in different layers according to their subcellular location. Biomarkers, drug targets, and proteins 
being discussed in both, biomarker and drug target context, are represented by triangles, inverted triangles, or 
diamonds, respectively. The top five enriched GO biological process terms as well as selected drugs address-
ing molecules being reported as biomarker in the context of CVD are listed in addition in (b). For further details 
on the construction of (b) see Note 6
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mapped to respective (potentially multiple) MeSH terms.  
In the specific case of the term “Coronary artery disease” the 
term is mapped to the following two MeSH terms: Coronary 
Disease and Coronary Artery Disease. For further details on 
the PubMed search the reader is referred to http://www.ncbi.
nlm.nih.gov/books/NBK3827/.

 3. Graph layout options: By default Cytoscape arranges nodes in 
a grid-like manner for network visualization. Layout algo-
rithms available from the “Layout” menu allow for automatic 
arrangement of nodes and their edges according to topological 
or user- defined properties.

 4. Installation of Cytoscape plugins: Cytoscape plugins can be 
installed via the plugin manager (Plugins → Manage Plugins). The 
string “mcode” is used as key word for the search and the version 
of the MCODE plugin compatible with the used Cytoscape ver-
sion (indicated by a small checkmark) is selected from the search 
result (available for Install → Clustering → MCODE v.X.XX) and 
installed. A guide to Cytoscape plugins is available in [44].

 5. The suffix “noexp” has to be used in order to turn off the 
automatic explosion of MeSH headings thus only searching for 
the specified MeSH term and none of its child terms.

 6. Graph layout according to subcellular location information: 
The Cerebral plugin for Cytoscape was used to layout the net-
work according to subcellular location information of individ-
ual genes [45]. Since Cytoscape does not offer node shapes in 
the form of inverted triangles those were added in a subse-
quent step.
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Chapter 8

Mining Biological Networks from Full-Text Articles

Jan Czarnecki and Adrian J. Shepherd

Abstract

The study of biological networks is playing an increasingly important role in the life sciences. Many different 
kinds of biological system can be modelled as networks; perhaps the most important examples are protein–
protein interaction (PPI) networks, metabolic pathways, gene regulatory networks, and signalling 
 networks. Although much useful information is easily accessible in publicly databases, a lot of extra relevant 
data lies scattered in numerous published papers. Hence there is a pressing need for automated text- 
mining methods capable of extracting such information from full-text articles. Here we present practical 
guidelines for constructing a text-mining pipeline from existing code and software components capable of 
extracting PPI networks from full-text articles. This approach can be adapted to tackle other types of  
biological network.

Key words Named entity recognition, Relationship extraction, Biological networks, Protein–protein 
interactions

1 Introduction

Mapping the various interaction networks within cells is a central 
task of modern biology [1]. A critical aspect of this process is the 
need to integrate data from disparate sources. In practice, a lot of 
relevant information is only available in scientific papers; given 
the vast and increasing volume of papers being published, the 
development of computational pipelines capable of automating 
the extraction of this information is a priority for the text-mining 
community.

Here we demonstrate that computational pipelines for extract-
ing protein–protein interaction (PPI) networks from full-text arti-
cles can be built using existing code and software components. 
This approach can be adapted to tackle other types of biological 
network; for example, an algorithm for extracting metabolic reac-
tions from full-text articles has been developed using the same 
computational framework used here [2]. Such a pipeline consists 
of several discrete stages:
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 (a) The retrieval of relevant documents. Given an appropriate user 
query, such as the name of a species and the name of a protein, 
this step involves the automated retrieval of relevant full-text 
documents.

 (b) Extracting text from documents. Documents come in many 
formats, whereas text-mining tools generally require plain text 
(with characters encoded in a standard way). Hence it is typi-
cally necessary to extract text from documents using a text- 
extraction tool or library.

 (c) Named entity recognition. In each of the retrieved documents, 
the entities relevant to the network—whether proteins, genes, 
species, enzymes, and/or metabolites—need to be identified. 
In many tasks, it is necessary to identify several entities. In the 
case of PPI network extraction, it is necessary to identify the 
names of proteins and the names of species.

 (d) Relationship extraction. Given two or more entities, the pipe-
line needs to decide whether they are involved in a relation-
ship. For example, the sentence “protein A interacts with 
protein B” constitutes evidence for there being a relationship 
between proteins A and B in a PPI network.

 (e) Synonym resolution. The same entity may be referred to by dif-
ferent names in different documents (or, potentially, within 
the same document). If this task is not performed successfully 
for network entities, the network will not have the proper con-
nectivity because the same entity will appear multiple times 
with different names.

At each of these stages different choices are available regarding 
what tools or program code to deploy. Given that new, potentially 
better, components are being developed all the time, it is sensible 
to develop a text-mining pipeline in a modular way within a 
widely supported development framework. Here we use the 
Unstructured Information Management Architecture (UIMA) 
framework [4], which is widely used by the natural language 
 processing community.

Arguably the key stage within this pipeline is the relationship 
extraction stage, as it is a very challenging task and a wide range of 
approaches of contrasting complexity can be deployed to tackle it. 
The simplest approach is co-occurrence [5]. If the names of two 
entities occur in close proximity to each other (e.g., in the same 
sentence), they are deemed to have a relationship with each other. 
This approach typically produces high coverage (few false nega-
tives) but low precision (many false positives). At the other end of 
the spectrum are sophisticated tools that analyze the structure of a 
given sentence using a natural language parser. A detailed analysis 
of PPI relationship extraction methods [3] showed that simple 
heuristic rules (e.g., using lists of interaction keywords) were often 
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as effective as these sophisticated methods and much easier to use 
in practice, but the best component to use will depend on the pre-
cise application and the state of the art at the time the pipeline is 
being constructed (see Note 1).

2 Materials

The computational pipeline described here assumes that it will be 
developed using Java, but equivalent libraries exist for other pro-
gramming languages. Here we assume that the full-text documents 
are available in PDF format.

 1. Download and install the UIMA development framework 
(from http://uima.apache.org/). Conveniently, UIMA can 
be used as a plug-in within the widely used Eclipse Integrated 
Development Environment (which can be downloaded from 
http://www.eclipse.org/). Henceforth we assume that UIMA 
is used within the Eclipse IDE.

 2. Create a new skeleton UIMA Type System Descriptor file 
within Eclipse. This will subsequently be used to store various 
type-related information associated with specific tools dis-
cussed below.

 1. Download and install the OpenNLP toolkit (from http://
opennlp.apache.org/). The toolkit provides Java code that 
supports a range of standard natural language processing tasks. 
In the present context, the tools to use are the SentenceDetector 
(for identifying sentences within a document) and the 
Tokenizer (for splitting a sentence into its component words 
or other tokens). OpenNLP has built-in UIMA support.

 2. Import the OpenNLP Type System Descriptor file into the 
UIMA Type System Descriptor file.

 3. In the UIMA Analysis Engine Descriptor file for Sentence 
Detector, set the Sentence type parameter to opennlp.uima.
Sentence and use the relevant pre-trained English language 
model, en-sent.bin, under the Resources tab (see Note 2).

 4. In the UIMA Analysis Engine Descriptor file for Tokenizer, set 
the Token type parameter to opennlp.uima.Token and use the 
relevant pre-trained English language model, en-token.bin, 
under the Resources tab (see Note 2).

 5. Download and install PDFBox (from http://pdfbox.apache.
org/), a Java PDF library that includes the PDFTextStripper 
utility for extracting text from a PDF.

2.1 Development 
Framework

2.2 General 
Language Processing 
Tools

Mining Biological Networks from Full-Text Articles
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 1. Download and install the BANNER Named Entity Recognition 
System (from http://banner.svn.sourceforge.net/viewvc/
banner/trunk/) (see Note 3). BANNER [6] is used to identify 
the names of proteins in PPI network extraction (see Note 4).

 2. BANNER provides a UIMA Analysis Engine Descriptor file and 
a BANNER configuration file called banner_UIMA_TEST.xml. 
Place them in a subdirectory within your project resources direc-
tory. The Descriptor file requires a single parameter: configFile. 
Set this parameter to the path of the configuration file. The  
configuration file requires the paths of a number of models and 
dictionaries (namely, modelFilename, lemmatiserDataDirectory, 
posTaggerDataDirectory, and dictionaryFile) (see Note 5).

 3. BANNER also provides its own UIMA Type System Descriptor 
file. Import the contents of this file into the project’s UIMA 
Type System Descriptor file created in Subheading 2.1.

 4. Download and install the LINNAEUS species name recognition 
library (from http://linnaeus.sourceforge.net/). LINNAEUS 
does not have built-in UIMA support, but it does provide a UIMA 
wrapper, which can be downloaded from the same webpage.

 5. The LINNAEUS wrapper provides a UIMA Analysis Engine 
Descriptor file, and the LINNAEUS library provides a 
 configuration file called javaProperties.conf. Place them in  
a subdirectory within your project resources directory. The 
Descriptor file requires a single parameter: ConfigFile. Set this 
parameter to the path of the configuration file. The configuration 
file requires the paths of a number of models and dictionaries 
(see Note 6).

 6. The LINNAEUS wrapper also provides its own UIMA Type 
System Descriptor file. Import the contents of this file into the 
project’s UIMA Type System Descriptor file created in 
Subheading 2.1.

 7. Create a protein synonym database. Download the 
UniProtKB/TrEMBL database text file (from http://www.
uniprot.org/downloads). In your SQL database management 
system of choice, create a table mapping a given protein 
UniProt ID to its organism’s NCBI taxonomy ID and a table 
mapping a given protein UniProt ID to its one or more syn-
onymous protein names. Populate these tables from the  
database text file (see Note 7).

3 Methods

In cases where a collection of PDFs from which data is to be 
extracted is already available (e.g., stored in a local directory), the 
only part of Subheading 3.1 that needs to be undertaken is the 
extraction of plain text from PDFs using the PDFBox library.

2.3 Named Entity 
Recognition Tools
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 1. The pipeline presented here accepts a PubMed query as input. 
The form of the query is down to the user but would typically 
incorporate the name of an organism and the name of a pro-
tein of interest, for example (Homo sapiens) AND (alcohol 
dehydrogenase) (see Note 8).

 2. PubMed queries are incorporated into the computational 
 pipeline using one of the Entrez Programming Utilities 
(E-utilities) available from the NCBI. This is achieved using 
the following URL:
http://eutils.ncbi.nlm.nih.gov/entrez/eutils/esearch.fcgi? 

db=pubmed&term=query&retmax=numOfArticles
where query is the desired PubMed query. The utility returns a 
list of PubMed unique identifiers (UIDs). By default, the max-
imum number of UIDs retrieved is 20, but this can be modi-
fied using the numOfArticles field up to a maximum of 100,000 
(see Note 9). The URL can be integrated into the UIMA 
framework using a UIMA collection reader (an object that 
extends CollectionReader_ImplBase).

 3. For each PubMed UID, the following additional information 
needs to be retrieved: the article title, article abstract, and URL 
to the relevant publisher’s webpage (from which we will 
attempt to retrieve the PDF of the full-text article). An XML 
document containing the title and abstract of the article can be 
retrieved using the following URL:
http://eutils.ncbi.nlm.nih.gov/entrez/eutils/efetch.fcgi? 

db=pubmed&retmode=xml&id=pubmedUID
An XML document containing a URL to a relevant web-

page, or (where unavailable) to the article’s page on PubMed, 
can be retrieved using the following URL:
http://eutils.ncbi.nlm.nih.gov/entrez/eutils/elink.fcgi? 

dbfrom=pubmed&retmode=ref&cmd=prlinks&id= 
pubmedUID

 4. Sometimes the publisher’s URL retrieved from PubMed pro-
vides a direct link to the article PDF or points to a webpage 
that contains such a link (e.g., within an HTML href attri-
bute). In these cases, the PDFBox library can be used to extract 
plain text from the PDF (see Note 10). When access to the 
PDF is not available, the natural option is to use the article’s 
abstract instead.

 1. Create an InteractionKeyword type extending the UIMA 
Annotation type in the UIMA Type System Descriptor file. 
This type requires no new fields.

 2. Create an Interaction type extending the UIMA Annotation 
type. This type needs to add the following new fields  
(see Note 11):

3.1 Retrieval of Free 
Text from Relevant 
Documents

3.2 Document 
Annotation

Mining Biological Networks from Full-Text Articles
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Field name Type

gene1 banner.types.uima.Gene

gene2 banner.types.uima.Gene

interactionKeyword yourTypesPackage.InteractionKeyword

score uima.cas.Integer

organism uima.cas.FSList

sentence opennlp.uima.Sentence

 3. Generate the classes for all the types within the type system by 
clicking the UIMA JCasGen button.

 4. Write an InteractionKeyword annotator that will be used to 
match keywords in text that are believed to help identify 
whether a given pair of protein names are involved in a PPI.  
A published list of interaction keywords [6] is available at
http://www.biomedcentral.com/content/supplementary/ 

1471-2105-10-233-S1.txt (see Note 12).
Read the keywords into a HashSet. Write code such that 

the InteractionKeyword annotator tests whether a given token 
matches any of the keywords in the HashSet (see Note 13). If 
a match is found, the annotator should create a new 
InteractionKeyword annotation at the location of the token 
within the document.

 5. Write an Interaction annotator that creates a new Interaction 
annotation for every pair of proteins (Gene annotations)  
that occur within the same sentence and with an 
InteractionKeyword arising between the two protein names. 
To obtain a simple score for the interaction, count the number 
of tokens between the first protein name and the 
InteractionKeyword and the number of tokens between the 
second protein name and the InteractionKeyword; the score is 
the greater of the two numbers.

 6. Identify the most likely organism(s) that the interaction is present 
in (see Note 14). If any organism names (annotated by 
LINNAEUS) are present in the same sentence as the interaction, 
add the organism to the Interaction annotation’s organism 
variable (see Note 15). If no organism is mentioned in the 
sentence, assign the interaction to the first organism  mentioned 
in the title and abstract.

 7. Once these interaction annotators have been created, the entire 
annotation pipeline can be run by applying each of the  following 
annotators to the text extracted from a given PDF in the fol-
lowing order (given dependencies between several of these 
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tools, this ordering is important): the OpenNLP Sentence- 
Detector; the OpenNLP Tokenizer; BANNER; LINNAEUS; 
the InteractionKeyword annotator; and the Interaction anno-
tator (see Note 16).

 1. Construct a global list of all pairs of interacting proteins, 
together with their interaction scores, from the full set of 
annotated documents.

 2. Use the synonyms and taxonomy IDs in the UniProt database 
to map as many proteins as possible from the global list to a 
UniProt ID (see Note 17).

 3. Combine interactions that involve the same interactors. Score 
each PPI by taking into account the potential multiple 
 interaction scores for the same PPI extracted from multiple 
sentences/documents (see Note 18).

 4. The interactions can be output in different formats. For the 
purpose of visualizing in Cytoscape, a comma-separated value 
(CSV) file is recommended (see Note 19). Interactions will be 
automatically joined together to form a network using the pro-
tein IDs. However, using a standard format for handling net-
work data (such as SBML) may be more appropriate in many 
circumstances (see Note 20).

4 Notes

 1. An example of a sophisticated PPI extraction method is 
AkanePPI [7], which combines the deep syntactic parser Enju 
[8] with a support vector machine [9] for extracting rules from 
training corpora. Although AkanePPI performed better than 
some other tools, it did not outperform the simple method 
implemented here in a rigorous multi-corpus evaluation and 
was deemed nontrivial to install and use [3].

 2. A selection of pre-trained models can be found at http://
opennlp.sourceforge.net/models-1.5/. As the tool only 
requires the relatively simple functionality of sentence and 
token detection, the standard English language models are 
adequate. More complex functionality (such as POS tagging 
and sentence parsing) would require models trained on scien-
tific text.

 3. At the time of writing, the version of BANNER available from 
the URL given above is regularly updated and has the added 
advantage of being UIMA compatible, so can be easily inte-
grated into the computational pipeline we present here. On 
the other hand, the version of the tool available from the 
BANNER homepage (http://cbioc.eas.asu.edu/banner/) is 
several years out-of-date.

3.3 Network 
Construction

Mining Biological Networks from Full-Text Articles
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 4. BANNER, like other comparable NER tools, makes no attempt 
to distinguish between the names of proteins and genes.

 5. While the BANNER configuration file should be stored in the 
project resources, the files referenced in the configuration file 
itself cannot be in the project resources. These files must be 
stored outside the compiled jar file and relative paths used to 
access them.

 6. Unlike BANNER, all the LINNAEUS files can be stored in the 
project resources. Any referenced paths in the UIMA Type 
System Descriptor file or the LINNAEUS configuration file 
must be prefixed with internal: however.

 7. Each row in the database text file has a two-letter identifier:
(a) AC—UniProt ID
(b) OX—NCBI taxonomy ID
(c) GN—gene names

The gene names row is in the form
GN Name = RecommendedName; Synonyms = Synonym1, 

Synonym2;
Import the recommended name and all synonyms into the 

database. This method of synonym resolution requires that a 
queried name matches a synonym in the database exactly. 
Various steps can be taken to maximize the chance of matching 
protein name from the literature to a UniProt synonym, 
including normalization (e.g., converting all characters to 
 lowercase, removal of punctuation) and automated variant 
generation (e.g., conversion between Roman and Arabic 
numerals, Greek and Latin lettering) [10]. A more sophisti-
cated solution is to implement a full search index (Lucene 
being a popular choice for the Java language).

 8. Whereas PubMed searches automatically incorporate synonyms 
for the names of an organism (e.g., a search for Homo sapiens 
will additionally return matches for the word human), 
 synonyms for the names of other entities are not incorporated 
automatically. In Subheading 2.3 we explain how to find the 
synonyms of key network entities. Using these approaches, it is 
possible to incorporate the synonymous names of entities such 
as proteins in a query to ensure that the complete set of rele-
vant documents is retrieved. For example, the original query 
“(Homo sapiens) AND (alcohol dehydrogenase)” can be 
expanded to incorporate synonymous names as follows: 
“(Homo sapiens) AND ((alcohol dehydrogenase) OR adh1b 
OR adh2)”.

 9. Typically it will be appropriate to retrieve more articles than 
the default number of 20, although the precise number is up 
to the user and will depend on the context. Factors that may 
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sensibly be taken into account include the frequency with 
which articles are published about the species and proteins of 
interest (the more articles published, the larger the number it 
is likely to be appropriate to retrieve) and the availability of 
time and computational resources (the more articles retrieved, 
the longer the pipeline will take to run).

 10. The URL provided by PubMed could point directly to a PDF, 
a webpage with the PDF embedded in an iframe element, or a 
webpage containing a link to the PDF. As a URL pointing to a 
PDF does not necessarily end with the file extension .pdf, to 
determine if a given URL points to a PDF, simply attempt to 
load the URL with the PDFBox library; if the URL does not 
point to a PDF, an IOException will be thrown. If neither the 
page URL nor any src attributes within an iframe element 
point to PDFs, check whether any links on the webpage 
(between the opening and closing tags of an HTML a ele-
ment) contain the text “pdf” or “PDF.” Similarly, determine if 
the href attribute of a given element, or the src attribute of any 
iframe element within the linked page, points to a PDF.

Note that there may be errors in the way PDFBox extracts 
plain text from a PDF (the same is true of other PDF-to-text 
conversion methods). One common problem is the inability to 
distinguish between a soft hyphen (i.e., a discretionary hyphen 
that permits a word to be split when it occurs at the end of a 
line) and a hard hyphen. In cases where a soft hyphen is treated 
as if it is a hard hyphen, a single word may be split into two. In 
such cases, it may be worth using an electronic dictionary to 
identify word fragments that need to be joined together.

 11. As noted already (see Note 4), BANNER makes no distinction 
between gene and protein names. The BANNER UIMA type 
banner.types.uima.Gene uses the term “gene” but applies 
equally to proteins.

 12. The file containing the list of interaction keywords should be 
stored in the project resources and the path to the file passed 
to the Analysis Engine as a parameter in the UIMA Analysis 
Engine Descriptor file.

 13. To ensure that all appropriate matches are found, it is worth 
ensuring that there is no whitespace at the start or the end of a 
keyword token and that all tokens are lowercase.

 14. This simple algorithm assumes that the papers mined typically 
involve research on a single organism but may refer to interac-
tions present in other organisms. A more sophisticated algo-
rithm would be necessary to reliably assign interactions to 
organisms in papers dealing with multiple species (such as 
virus–host interactions).

 15. Adding an organism to an Interaction annotation’s organisms 
variable is not an entirely trivial operation, because UIMA- type 
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objects cannot have arbitrary objects assigned to their fields. 
The solution is to either use an FSList object (a type of tree list, 
an object that many Java programmers will not be familiar with) 
or simply store the taxonomy IDs within a single string (i.e., with 
the multiple taxonomy IDs separated by a delimiter).

 16. To join annotators together create a new aggregate annotator. 
Individual annotators can be imported and arranged in any 
order. Types, parameters, and resources specified in the indi-
vidual annotators will automatically be imported into the 
aggregate annotator.

 17. As described in Note 7, many variants of the same protein 
name may occur in the literature that do not appear in UniProt 
synonym lists. If normalized variants of protein names have 
been pregenerated and stored in the database, putative protein 
names extracted from the literature should be normalized 
before searching for matches within the database.

 18. Scoring should take into account both the score of each puta-
tive interaction extracted and the number of times that puta-
tive interaction has been extracted. The optimal scoring scheme 
is context dependent, and a discussion of the options (which 
vary greatly in their statistical sophistication) lies outside the 
scope of this chapter.

 19. Cytoscape does not require a particular CSV format. It only 
requires two columns for interactors and a column for the 
interaction type. The interactors should be specified by their 
UniProt ID. This allows Cytoscape to automatically link inter-
actions together to form networks. Arbitrary columns (for the 
text-mining score, for instance) can also be included allowing 
them to be visualized. To visualize scores, use the Cytoscape 
Vizmapper to make edge widths dependent on scores.

 20. Although Cytoscape will draw SBML files, by default it cannot 
handle information stored within SBML annotations, which is 
where the PPI scores need to be stored. However, Cytoscape 
can handle PPI scores stored in a CSV file without needing a 
plug-in.
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Chapter 9

Scientific Collaboration Networks Using Biomedical Text

Siddhartha R. Jonnalagadda, Philip S. Topham, Edward J. Silverman, 
and Ryan G. Peeler

Abstract

The combination of scientific knowledge and experience is the key success for biomedical research.  
This chapter demonstrates some of the strategies used to help in identifying key opinion leaders with the 
expertise you need, thus enabling an effort to increase collaborative biomedical research.

Key words Natural language processing, Biomedical literature, Health news, Social network analysis 
(SNA), Collaboration networks

1 Introduction

Biomedical research is a team sport. The many terms—collaboration, 
competition, cooperation, partnership, co-authorship, symposia, 
department, school, or simply fellows—highlight that we humans 
are social creatures. We organize and cooperate together to accom-
plish more than our own two hands can do. However, with 
millions of researchers, spread all around the globe working across 
different disciplines, finding and connecting to the right people 
can be challenging and often left to a chance meeting. Beyond the 
research itself, translating new discoveries from bench top to market 
is also a team sport requiring the right mix of scientists, policy 
makers, and businessmen.

Balas and Boren [1] estimated that translating biomedical dis-
coveries into practical treatments takes around 17 years, and 86 % 
of research knowledge is lost during this transition through peer- 
review process, bibliographic indexing, and meta-analysis. At the 
commercial end, pharmaceutical companies on average spend 24 % 
of their total marketing budgets on opinion leader activities [2].

By effectively connecting those who produce knowledge with 
those who apply it, we can get discoveries to market quicker, produce 
better products, and ultimately improve quality of life. An important 
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step in this direction is the large-scale discovery of subject experts 
and key opinion leaders involved in specific areas of research based 
on their mentions in literature and news articles.

Having a ready product is not sufficient to ensure adoption. 
Public health programs are often focused on changing behaviors 
and social norms [3]. It is increasingly common in the domain of 
medical informatics to use social network analysis (SNA) [4, 5] to 
study interaction patterns of scientists in relation to a research area 
or a department. Although there are systems that assign topics of 
expertise to the identified persons [6, 7], there are no systems that 
identify the opinion leaders themselves.

Although in public health programs the focus is often on 
changing an individual’s behavior, recent work by Christakis and 
Fowler [8] has shown that behaviors are contagious. They have 
shown that your propensity for obesity is impacted by your friends, 
your friends’ friends, and—even up to three degrees of  separation—
your friends’ friends’ friends. In a more practical sense, people are 
influenced by people they see and by messages from people they do 
not directly see.

As social creatures, we intuitively know that we are impacted 
by the world we cannot see. By tapping into biomedical literature 
and other data sources we can now create strategies to engage key 
leaders across all stakeholders involved in scientific discovery and 
translational science.

This chapter covers techniques and strategies for using bio-
medical literature and related data sources, involving both struc-
tured and unstructured data, to discover the relationships inherent 
in groups.

2 Materials

While most of the methods being described are executable in any 
modern-day computer, some of the methods require access to a 
server or a cluster of servers (such as hadoop [9]). Please refer to 
our previous publications on these topics [10–12] for more details. 
These include two journal papers on SNA using text-mining meth-
ods and three white papers on importance and advantages of using 
social network methods.

This is the process of identifying which distinct names refer to the 
same person and which similar names refer to different persons. It 
is accomplished in two steps—using a program that disambiguates 
names and then a graphical mapping program equipped with fuzzy 
logic to find more loosely matched candidate names.

Visual mapping programs such as Gephi [13] or Cytoscape [14]. 
Gephi is an open-source program that refers to itself as a Graph 
Visualization Engine. Gephi can network up to 50,000 nodes 

2.1 Data Cleaning

2.2 Mapping and 
Visual Displays
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(people) and 1,000,000 edges (links between nodes). There are 
features that enable clustering as well as SNA and numerous plug- 
ins that are available via marketplace.gephi.org. One plug-in, Force 
Atlas 3D, allows for a 3D layout. Another, Noverlap, can make the 
graph appear more cleanly. Geolayout can incorporate geomapped 
data. An extensive wiki that includes Manuals for Gephi can be 
found at http://wiki.gephi.org/index.php/Main_Page.

Cytoscape is also an open-source software package. Cytoscape 
can be altered to handle more nodes and edges but typically is 
 limited to 70,000–150,000 combined nodes and edges (http://
cytoscape.org/manual/Cytoscape2_6Manual.html) Like Gephi, 
many apps are available in order to customize and enhance the 
product for an individual’s needs. The website, http://www.cyto-
scape.org, contains extensive tutorials. The software was originally 
designed to deal with molecular and genetic interaction datasets 
but can be used to map any relational data. Plug-ins like jActive-
Modules and MCODE can be used in clustering analysis. Centiscape 
can be used to calculate the centrality measures used in SNA. There 
are also apps like Genemania or PSICQUICUniversal Client, 
which import interaction information from public databases and 
would be of considerable use to a life scientist engaging in network 
analysis. A full list of Apps for Cytoscape can be found here: http://
apps.cytoscape.org/.

R suite of statistical software [15].

3 Methods

This is the task of extracting relevant named entities or concepts 
(such as persons, organizations, and locations) from unstructured 
or semi-structured text. We will describe how to extract the names 
of scientists and organizations from PubMED® and names of 
scientists and organizations from webpages. The organization 
names are used at the next stage for disambiguating the names of 
the scientists and to create social networks and key organizations in 
a medical topic too.

 1. Retrieve PubMed XML files through PubMed’s web service 
[16]. PubMed supplies a complete description of each article 
in XML format.

 2. Parse PubMed XML files into individual fields after they have 
been retrieved from PubMed.

 3. Load PubMed XML files, and parse out a logical record for 
each author who contributed to the article.

2.3 Statistical 
Software

3.1 Named Entity  
Recognition

3.1.1 Extracting the 
Names of Scientists from 
PubMED®
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(a) Articles where individual authors are not listed (group 
authorship), but investigators are listed, should use the 
investigators in place of authors.

(b) Articles without any author or investigators are not 
processed.

 1. Use steps similar to the above to obtain affiliation strings.
 2. Split the affiliation strings into phrases based on a regular 

expression that takes into account various punctuation marks. 
One such example is (?<!(\\.))[^\\,\\;\\:\\@]+((\\,|\\;|\\:|$)
(?=(\\p{Z}|[A-Z]|$))|(\\.)(?=(\\p{Z}|$))).

 3. Find all the abbreviations within the individual phrases using a 
regular expression such as (?<!(\\.))[^\\,\\;\\:\\@]+((\\,|\\;|\\:|$)
(?=(\\p{Z}|[A-Z]|$))|(\\.)(?=(\\p{Z}|$))).

 4. Expand the abbreviations into their full form using available 
dictionaries.

 5. Detect which phrases correspond to the country using diction-
aries for country name, region name, city name, languages, 
e-mail, country top-level domain, and zip codes.

 6. Detect the e-mail addresses using a regular expression such as 
[ a - z A - Z 0 - 9 ! # $ % & ' ' * + , / = ? ^ _ ` { | } ~ - ] ) + ( \ \ . [ a - z A -
 Z0-9!#$%&''*+/=?^_`{|}~-]+)*@([A-Za-z0-9]([A-Za-z0-9-] 
* [ A - Z a - z 0 - 9 ] ) ? \ \ . ) + [ A - Z a - z 0 - 9 ]
([A-Za-z0-9-]*[A-Za-z0-9])?.

 7. Detect the URLs using a regular expression such as (?<=(\\s|^))
(https?://|www\\.)[-\\w]+(\\.\\w[-\\w]*)+(?![\\w\\.-]*@).

 8. In the remaining phrases, find which phrases correspond to 
street addresses using regular expressions that also take into 
account keywords for addresses, directions, etc.

 9. Then determine the cities and states present using dictionaries 
for cities, states, and zip codes.

 10. Now, the remaining phrases are likely to be organization 
named entities. Depending on the number of phrases remain-
ing and presence of keywords for organizations, they are 
tagged as organizations.

 11. If it is needed to disambiguate the organization names, tech-
niques such as clustering and string similarity described in 
detail in our journal paper [11] are used.

 1. Use a web crawler such as E-FFC [17] or UbiCrawler [18] to 
extract the webpages relevant to the topic.

 2. If a rule-based system would be used, build lexicons for per-
sons and organizations from resources such as those mentioned 
in the previous section.

3.1.2 Extracting the 
Names of Organizations 
[11] from PubMED®

3.1.3 Extracting the 
Names of Persons and 
Organization Names [10] 
from Webpages
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 3. If a pre-built machine-learning system is a preference, the 
Stanford NER tool is available at http://nlp.stanford.edu/
software/CRF-NER.shtml. This is a well-supported tool and 
has state-of-the-art performance of close to 90 % for extracting 
person names, organizations, and locations.

 4. If there is a need to train a machine-learning system for a par-
ticular corpus (set of documents) or a particular set of features 
(lexical, syntax, semantic, and pragmatic), one might use the 
conditional random field (CRF) algorithm—a state-of-the-art 
algorithm—for most named entity recognition tasks. Mallet 
[19] provides a widely used available implementation—http://
mallet.cs.umass.edu/sequences.php.

 5. Organization and person names not in the list found in the 
 previous steps are filtered out, as they are less likely to repre-
sent scientific organizations and scientists.

 6. A list of words such as Dr, MD, and PhD in the proximity of 
the person names are also used, optionally, to further increase 
the sensitivity of extracting the names of scientists.

Before analyzing any network, it is essential to make sure that the 
nodes in the network are represented accurately. Just as a scientist 
would carefully validate a protein–protein interaction by making 
sure that both proteins were correctly cloned, expressed, and 
active, a network analyst has to make sure that the people in the 
network are correctly identified.

 1. Clinically relevant scientific information composed of grant 
abstracts, clinical trials, symposia information, and publications 
is harvested.

 2. Every piece of scientific information harvested will have the 
names and often the organizational affiliation of the authors.

 3. Data cleaning starts with taking the harvested information and 
determining whether two similar names refer to the same per-
son or not. If there is a James Smith at Beth Israel Deaconess, 
it is necessary to determine, for example, if he is the same per-
son as J. Smith from Harvard Medical School.

 4. A software program similar to Authority [20] is used to assist 
with the process of pre-matching names that might be matches 
based on attributes like affiliation, coauthors in common, and 
name.

 5. An analyst then makes the determination (in our example) if 
James Smith and J. Smith are actually the same person by look-
ing at the scientific information itself as well as publicly avail-
able biographical information available on the Web.

 6. After this process, we import the names and connections into 
graphical mapping that allows the use of fuzzy logic to find 
names that might be similar. This helps identify researchers 

3.2 Data Cleaning
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who may have gotten married and changed their last name as 
well as individuals who have typographical errors or multiple 
forms of their name on scientific information. For example, it 
is then possible to determine if Maria Gomez is the same as 
Maria Gomez-Hidalgo.

 1. Once the data has been validated and cleaned, it is uploaded 
into a mapping and visual display program such as i2, Gephi, 
Cytoscape, and CartoDB.

 2. The people and connections between the scientists are then 
drawn as a map in order to determine who is part of the core 
collaborative network (Core Community) and who is not 
(Tail) (Fig. 1).

The percent of the people in the community helps to determine 
the success of the SNA; any network with 30 % or more of the 
network in the core yields actionable results. Once the core 
community has been identified, SNA algorithms using select 
centrality measures are used in order to identify the KOLs within a 
therapeutic area.

Centrality measures:

 1. Degree centrality, also called first-degree centrality, counts the 
number of nodes with a single intervening connection and 
describes the number of connections a node has in a network. 
For example, if a researcher collaborates with 20 other research-
ers in three different instances (publications, grants, etc.) that 
researcher’s degree is 20.

 2. Closeness centrality is the measure of the total distance of one 
researcher from all other researchers in a network. The smaller 
that distance, the larger the closeness score. The closeness 
value is a good predictor of the speed of transmitting informa-
tion or influence through a network. High closeness value for 
a particular researcher means that the network will learn about 
that researcher’s work sooner than a researcher with a lower 
closeness score.

3.3 Generating 
Meaningful Visual 
Displays

3.4 SNA Algorithms

Fig. 1 Defining the community
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 3. Betweenness centrality quantifies the number of times a 
researcher is the shortest path between two other researchers. 
A researcher with a high betweenness score is able to exert 
significant control over communications between researchers 
in a network.

 4. Eigenvector centrality measures the connections a researcher 
has to high-scoring researchers using a relative degree connec-
tion scoring system. This is similar to the algorithm search 
engines used to rank webpages. This is commonly referred to 
as a researcher’s prestigious connection score.

 5. Katz centrality provides a combination of degree centrality 
and betweenness centrality by accounting for attenuation of 
influence of researchers whose closeness scores are relatively 
lower. Researchers who collaborate with others who have low 
closeness scores do not influence the research network as dra-
matically as groups of researchers due to a low Katz centrality.

 6. Alpha centrality closely resembles eigenvector centrality with 
an important exception. Attributes about a researcher that are 
external to the network are applied to the analysis. For exam-
ple, if a researcher was the chairperson of a prestigious profes-
sional society, or if the researcher was a well-known public 
speaker in the popular media, and only occasionally published 
in peer- reviewed journals, alpha centrality measures would 
affect the researcher’s importance in the network.

Understanding how all of the researchers in a community are 
connected allows an analyst to quantify reach or maximum spread 
of an idea in a first-degree network. This is generally plotted on a 
curve with the inflection point on the power law distribution curve 
giving a generalized idea of the diminishing margin of returns for 
percent reach into a community by including additional researchers.

 1. Identify the first-degree connections (FDCs) of the KOLs—The 
database will have relational data. An analyst can use this to 
determine the quantity and identity of all the people to whom 
the KOLs are connected.

 2. Calculate the reach—The amount of people and scientific 
information the KOLs and the FDCs influence can then be 
calculated. As shown in Fig. 2, 7 % of the people reach 79 % of 
the core community and access and impact 97 % of all scientific 
information.

 3. Generate a reach curve—The amount of KOLs can be adjusted 
up or down, according to the needs of a client, and the com-
munity and scientific research reach then calculated to gener-
ate a curve (see Fig. 3). From this analysis an inflection point, 
the point at which the derivative of the slope of the 
curve changes from positive to negative, can be calculated. 
This inflection point determines the number of people in the 

3.5 Reach, Reach  
Curves, and Inflection  
Points
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Fig. 2 Identifying the KOLs—The colored circles in figure represent KOLs identi-
fied for this therapeutic area. The connections between the KOLs have also been 
darkened. After the algorithms identify the KOLs in the community, we can then 
measure the impact of those important individuals, reach

Fig. 3 Reach curve. The X-axis shows the top X % of community members (KOLs) referenced against the 
Y-axis, which represents the % of community members reached by the KOLs (red ) or the amount of research 
reached by the KOLs and their first-degree connections (green )

0%
0%

35%

58%

71%

78%

90%

95%
97% 99%

87%

79%

0% 1% 2% 3% 4% 5% 6%

% Community Reach

% Research Reach

8%7% 9%

10%%
 o

f C
om

m
un

ity
 O

r 
R

es
ea

rc
h 

of
 K

O
Ls

 +
 F

D
C

s

Top % of Community Members

20%

30%

40%

50%

60%

70%

80%

90%

100%

Siddhartha R. Jonnalagadda et al.



155

network who reach the most people non-redundantly and how 
few people one needs to identify to understand who produces 
the bulk of the scientific information.

Beyond being able to determine what person in a particular 
network is important, it is also desirable to know which groups are 
important.

 1. Cluster identification—Determining which groups are most 
influential is typically done through connectivity-based cluster-
ing or hierarchy clustering [21]. In research networks, cluster-
ing manifests itself in groups of people who serially collaborate. 
The most common clustering algorithms use distance mea-
sures, which receive weights based on linkage criteria specified 
by the analyst.

 2. Label the cluster—The reasons for serial collaborations are var-
ied, and we have also observed that geographic proximity, 
committee appointments, grants, and highly specific interests 
all influence preferential serial collaboration.

 3. Group the clusters by theme—An analyst will then group the clus-
ters by theme [22]. Themes can include genetics, clinical trials, 
drug treatments, and treatment guidelines. See Fig. 4. Below is 
an example of a clustered KOL map identified by theme.

3.6 Clustering

Fig. 4 Clustered map of KOLs identified by theme (green—clinical treatment guidelines, pink—drug safety, 
orange—genetics, red—pathogenesis, blue—drug safety)
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4 Conclusions

 1. Not all high publishers are important: Social network analytics 
serves as a tool for identifying important researchers. Researchers 
who publish frequently (“high publishers”) are generally con-
sidered to have greater expertise. “Low publishers,” researchers 
who publish less frequently, are considered to be new or less well-
known individuals. How can a researcher who is a “low pub-
lisher” be a highly respected expert? There are many  reasons and 
situations that could create such a pattern, such as the following: 
(1) Rising stars: individuals early in their careers who have pub-
lished very impactful papers but have not yet generated a volume 
of work; (2) individuals on sabbatical or semi- retired who have 
established respect through previous works but are now publishing 
at a lower volume; (3) individuals who join or leave the industry 
and thus have a hiatus in their academic research frequency; or (4) 
highly respected KOLs with prestige in another—typically 
related—field, yet few publications in the field being studied.

 2. Brokers between themes and groups: Social network analytics also 
values researchers who are brokers of information. Researchers 
who form bridges between communities are commonly high- 
value and high-impact individuals according to network scores 
regardless of the frequency of their publications.

 3. Community density: Depending on community size, density, 
and other properties the inflection point on a reach curve can 
be highly movable. Anecdotally, the breast cancer research 
community is mature and the graph of the largest component 
of the community is over 65 % of the researchers in the com-
munity. Contrast that with researchers in women’s health who 
study a greater variety of topics (bone density, early-onset 
menopause, delayed-onset menarche, etc.) in which the largest 
network component is only 30 % of the researchers in a com-
munity. See Fig. 5.

Fig. 5 Diffuse versus dense communities
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Understanding the density of the community and the structures 
influences the inflection point and the types of network centrality 
measures one would like to use and weight for analysis [23].
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Chapter 10

Predicting Future Discoveries from Current Scientific 
Literature

Ingrid Petrič and Bojan Cestnik

Abstract

Knowledge discovery in biomedicine is a time-consuming process starting from the basic research, through 
preclinical testing, towards possible clinical applications. Crossing of conceptual boundaries is often needed 
for groundbreaking biomedical research that generates highly inventive discoveries. We demonstrate the 
ability of a creative literature mining method to advance valuable new discoveries based on rare ideas from 
existing literature. When emerging ideas from scientific literature are put together as fragments of knowl-
edge in a systematic way, they may lead to original, sometimes surprising, research findings. If enough sci-
entific evidence is already published for the association of such findings, they can be considered as scientific 
hypotheses. In this chapter, we describe a method for the computer-aided generation of such hypotheses 
based on the existing scientific literature. Our literature-based discovery of NF-kappaB with its possible 
connections to autism was recently approved by scientific community, which confirms the ability of our 
literature mining methodology to accelerate future discoveries based on rare ideas from existing literature.

Key words Literature mining, Creative computing, Knowledge discovery, Rare terms, Outliers

1 Introduction

In research, as in many other fields, we are constantly confronted 
with the problem of an overwhelming amount of information to 
process and understand. Textual information contained in numer-
ous professional articles, many of them available online through 
large multidisciplinary bibliographic databases, is of immense help, 
but has, on the other hand, made manual literature-based knowl-
edge discovery a very time-consuming and arduous task. A famous 
example is Medline, the bibliographic database provided by the US 
National Library of Medicine which, at the beginning of 2013, 
contained over 20 million citations from 1949 to the present and 
which increases for more than 2,000 complete references to bio-
medical and life sciences journal articles daily [1]. In these circum-
stances, efficient software tools are highly desirable to support 
researchers in their literature-based discovery.
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Excessive specialization of scientists and other professionals in 
their respective fields sometimes renders discovery processes even 
harder. One manifestation of this aspect can be traced in publica-
tions and cross-references that in many cases turn out to be closed 
within specific professional communities.

The process of scientific discovery usually involves different 
types of cognitive abilities, such as finding analogies or selecting 
and interrelating ideas that originate from different contexts of 
various disciplines. If such separated ideas or fragments of knowl-
edge are combined together from different sources in a systematic 
way, they may lead to previously unknown and original, sometimes 
surprising, findings that provide the guidance for future research 
and exploration. When there is considerable evidence to reason-
ably support such findings, they can be regarded as candidate 
hypotheses. If these hypotheses can be proved as valid by the 
 methods approved by scientific community, they represent new 
discoveries. Such context-crossing connections are called bisocia-
tions [2] and are often needed for creative cutting-edge scientific 
discoveries. Such discoveries are of particular importance in com-
plex interdisciplinary research settings.

However, with the conventional associative approach it is dif-
ficult to identify and connect the information that is related across 
different contexts [3]. Specialized techniques supported by soft-
ware tools are required to help researchers in crossing these bound-
aries, helping them in putting dispersed pieces of knowledge 
together into a meaningful, coherent whole. In 1986 it was dem-
onstrated by Swanson that bibliographic databases such as Medline 
can serve to create new scientific discoveries [4]. Swanson sug-
gested a simple but effective method for generating hypotheses 
which span over previously disjoint sets of literature. To examine 
whether two distinct areas of study a and c could be associated in 
spite of the fact that no direct evidence in favor of this suggestion 
has yet been presented in literature, he proposed bringing these 
two literatures together and searching for intermediate terms 
b connected with a in some articles and with c in some others. 
Bringing these terms together and exploring their meaning some-
times reveal interesting connections between a and c that are wor-
thy of further investigation. For example, if a literature A, i.e., a 
set of records about a in the database serving as a source of data 
(see Note 1), associates a term a with a term b, and another litera-
ture C reports about a term c being in association with the term b, 
we may suggest a novel A–C relationship by connecting these sets 
of literature according to the simple ABC model (Fig. 1).

Recently, various literature-based discovery approaches have 
been successfully applied to the hypothesis generation task in the so-
called open discovery process [5], e.g., in the detection of  disease–
drug interactions [6], as well as for novel associations between genes, 
pathways, and diseases [7]. Among them a literature-based discovery 

Ingrid Petrič and Bojan Cestnik
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method RaJoLink that was introduced already in 2007 [8] and 
described in more detail in Petrič et al. [9] was successfully applied to 
the autism domain [10], and its findings were subsequently sup-
ported by a clinical research [11]. The RaJoLink method, illustrated 
in Fig. 2, uses rarity of terms as a means of open knowledge discovery 
(see Note 2). It is named after the key elements of each step: rare 
terms, joint terms, and linking terms, respectively. Accordingly, we 
call the steps Ra, Jo, and Link.

This chapter describes how this particular method can be 
employed to investigate the abstracts (or titles) of scientific arti-
cles available in Medline in order to guide future discoveries. 

Fig. 1 Swanson’s ABC model of knowledge discovery

Fig. 2 RaJoLink model of knowledge discovery

Predicting Future Discoveries from Current Scientific Literature
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In Subheading 2 we give an overview of materials used for 
literature- based knowledge discovery. In Subheading 3 we present 
the specifics of the RaJoLink approach to the literature-based 
knowledge discovery. In Subheading 4 of this chapter, we address 
some conceptual and methodological issues that need to be taken 
into account.

2 Materials

 1. A Medline literature search with specific search terms is per-
formed at each of the RaJoLink steps (see Note 3).

 2. Records in XML format are retrieved from the Medline 
database.

 3. Abstracts of Medline citations are collected in a text file on the 
basis of search criteria (see Note 4).

 4. Terms are extracted from the text collection and used as 
described in Subheading 3.

 1. Medical Subject Headings (MeSH) descriptors [12] are used 
for classification of terms identified in text collections.

 2. Text analysis results can be filtered according to the categories 
selected from the MeSH tree structure (see Note 5).

3 Methods

If we are investigating a phenomenon a, the open discovery starts 
with having only the term a and the corresponding set of articles 
in which the term a appears (i.e., a set of literature A), without 
knowing the target candidate c, which is discovered later as a result 
of such process. RaJoLink method involves two steps in the open 
discovery process for hypotheses generation: step Ra and step Jo, 
respectively.

 1. Search Medline for citations in which the starting term a 
appears (see Note 6).

 2. Retrieve records in XML format from the Medline database.
 3. Collect abstracts of Medline citations in a single text file.
 4. Extract terms from the text collection using lemmatization to 

eliminate various forms of a single term (see Note 7).
 5. Exclude terms that are predictably of no interest by using a 

stoplist (see Note 8).
 6. For each term ri identified in the set of records (A), calculate 

n(ri) using frequency statistics (see Note 9).

2.1 Scientific 
Literature Collection

2.2 Medical Subject 
Headings

3.1 Open Knowledge 
Discovery

3.1.1 Step Ra
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 7. Compare each term ri identified in the set of records (A) with 
MeSH terms to classify them according to the MeSH 
hierarchy.

 8. Sort terms by frequency in order to focus on rare terms, i.e., the 
terms rarely related to the starting problem a (see Note 10).

 9. Filter terms by choosing MeSH categories of interest for iden-
tification of potentially interesting rare terms r1, r2, …, ri  
(see Note 11).

 10. Select at least two rare terms as intermediate results towards 
the discovery of the target candidate for c (see Note 12).

Search Medline for sets of citations in which each of the terms ri 
selected in the Jo step appears (see Note 13).

 1. Retrieve records in XML format from the Medline database.
 2. Collect abstracts of Medline citations in a single text file for 

each of the ri terms.
 3. Extract terms from all text collections using lemmatization to 

eliminate various forms of a single term.
 4. Exclude terms that are predictably of no interest by using a 

stoplist.
 5. For each term cj identified in a set of records (Ri), calculate 

n(cj) using frequency statistics.
 6. A term cj qualifies as a joint term if it appears in at least two sets 

of records (Ri) about the rare terms. At the same time, it has 
to be absent from the set of records about the term a, gener-
ated in step Ra.

 7. Compare each term cj identified in the intersections of the sets 
of records (Ri) with MeSH terms to classify them according to 
the MeSH hierarchy.

 8. Sort terms by frequency in order to focus on the most frequent 
terms, i.e., the terms that are strongly related to the majority 
of the rare terms (see Note 14).

 9. Filter terms by choosing MeSH categories of interest for 
identification of potentially interesting joint terms c1, c2, …, cj 
(see Note 15).

 10. Select one or more targets (joint terms c1, c2, …, cj) for formu-
lation of scientific hypotheses.

The search for the linking terms b in the closed discovery process 
is equivalent to Swanson’s hypothesis testing in the closed dis-
covery approach [13] that consists of looking for terms b that 
can be found in the literature A as well as in the literature C. 
However, the recent RaJoLink closed discovery approach [14] 

3.1.2 Step Jo

3.2 Closed 
Knowledge Discovery
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contains a unique aspect in comparison to the literature-based 
discovery investigated by others. It is the visual analysis of 
 neighboring texts in the documents’ similarity graphs which are 
defined over the combined datasets consisting of literatures  
A and C. Such analysis can focus on linking terms b1, b2, …, bk in 
order to find pairs of articles, one from literature A and the other 
from literature C, both mentioning bk. Such previously unseen 
relations between the domains A and C provide new knowledge. 
The RaJoLink’s closed knowledge discovery approach [14] gives 
priority to terms b from two disparate literature sources A and C 
based on exploring outlier articles of the two domains as follows 
(see Note 16).

 1. Search Medline for citations in which the starting term a 
appears (see Note 17).

 2. Retrieve records in XML format from the Medline database.
 3. Collect titles or abstracts of Medline citations in a single  

text file.
 4. Search Medline for citations in which the candidate term c appears 

(the term selected as a result in the step Jo) (see Note 18).
 5. Retrieve records about the selected term c in XML format 

from the Medline database.
 6. Collect titles or abstracts of Medline citations in a single  

text file.
 7. Join the records collected in steps 3 and 6 of Subheading 3.2.1 

in a single text file, i.e., a joint document set AC (see Note 19).
 8. Automatically generate two document clusters, A′ and C′, 

according to the documents’ similarity measure where A′ U 
C′ = AC (see Note 20).

 9. Based on the original domains of interest A and C, each cluster 
(i.e., the cluster A′ and the cluster C′) is automatically further 
divided into two document sub-clusters (see Note 21). Cluster 
A′ is divided into sub-clusters A′∩A and A′∩C, while cluster 
C′ is divided into C′∩A and C′∩C.

 10. Sub-clusters A′∩C (outliers of C, consisting of documents of 
domain C only) and C′∩A (outliers of A, consisting of doc-
uments of domain A only) are the two document sets where 
we find linking terms b1, b2, …, bk between literature A and 
literature C, which can prove the hypothesis of connecting 
a with c.

 11. The domain expert needs to be involved in exploring the 
potential b terms and confirming them as relevant only in the 
sub-cluster of outlier documents and he/she does not need to 
explore all the documents.

3.2.1 Step Link

Ingrid Petrič and Bojan Cestnik
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4 Notes

 1. We would like to emphasize that the notations A, B, and C 
(uppercase symbols) are used to represent a set of terms (e.g., 
literature, a set of records, or a list of terms), while the nota-
tions a, b, and c (lowercase symbols) represent a single term.

 2. Open discovery is the primary model of discovery. Open dis-
covery process proceeds from the topic of a scientific problem 
a towards unknown concept c for generation of new hypothe-
sis. Closed discovery process, on the other hand, involves find-
ing novel intermediate concept b that could verify the initial 
hypothesis, where both the starting problem a and the target 
concept c are known at the onset of a research.

 3. Swanson’s model sees scientific articles as units of knowledge 
or sets of specialized literatures, where common matters are 
considered within each set [13].

 4. The <AbstractText> field is used, which consists of English- 
language abstract that is taken rigorously from a published 
article. The present maximum length of abstracts is 10,000 
characters for a record.

 5. The MeSH terminology is organized into the hierarchical 
structure. The broader medical headings are situated at the 
most general levels of the hierarchy, while the more specific 
medical headings are found at more narrow levels. The top- 
level categories in the MeSH hierarchy include the following: 
Anatomy—A, Organisms—B, Diseases—C, Chemicals and 
Drugs—D, Analytical, Diagnostic and Therapeutic Techniques 
and Equipment—E, Psychiatry and Psychology—F, Biological 
Sciences—G, Natural Sciences—H, Anthropology, Education, 
Sociology, and Social Phenomena—I, Technology, Industry, 
Agriculture—J, Humanities—K, Information Science—L, 
Named Groups—M, Health Care—N, Publication 
Characteristics—V, and Geographicals—Z. We use the second- 
level categories from the 2008 MeSH tree structure (e.g., 
Behavior and Behavior Mechanisms—F01, Psychological 
Phenomena and Processes—F02, Mental Disorders—F03, 
Behavioral Disciplines and Activities—F04) to classify terms 
from the input text collection.

 6. For the automatic access to the Medline data, which has to be 
performed outside of the regular web query interface, called 
Entrez, we use the ESearch tool of the Entrez Programming 
Utilities [15]. In particular, we operated with the following 
utility parameters:
(a) Database name (DbName), where the PubMed database is 

the default value of the parameter DbName.
(b) Date ranges to limit query results bounded by two specific 

dates, namely, the mindate and the maxdate parameters.

Predicting Future Discoveries from Current Scientific Literature
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(c) Date type that limits dates to a specific date field in a data-
base. Actually, we use the edat type of dates, which limits 
query results according to the date when a citation was 
added to PubMed.

The ESearch tool responds to a text query and returns data 
corresponding to the results of the query submitted to the 
Entrez system. As the results from ESearch are maintained in 
the user’s environment, the maximum number of retrieved 
records (URL parameter retmax) is 10,000 records for a 
search. If there is a need to retrieve more than 10,000 records 
from Medline we suggest running a combination of queries 
with different date ranges.

 7. We employ the lemmatizing software from the Lemma-Gen 
library developed by Juršič and colleagues [16].

 8. We use a list of 571 English stop words (i.e., generic words 
such as a, able, about, above, and according).

 9. We use frequency statistics based on bag of words (BoW) text 
representation [17], wherefore we employ the Txt2Bow utility 
from the TextGarden library [18].

 10. By focusing on rare terms we want to identify candidates that 
are most likely to lead towards meaningful still unpublished 
relations with phenomenon a.

 11. Note that i can be regarded as a parameter of the method. 
When interesting rare terms cannot be found by using this 
minimum frequency of term’s occurrence, it is necessary to 
return back to the beginning of this step and repeat the process 
by taking into account larger number of input documents or 
by choosing higher value of the parameter n(ri).

 12. The aim of the subsequent step Jo is to identify joint terms c1, 
c2, …, cj at the intersections of the literatures on rare terms; 
therefore, at least two rare terms are needed as intermediate 
results towards the discovery of the target candidate for c.

 13. For automatic access to the Medline data proceed as in step Ra 
but repeat the procedure for each of the selected r terms.

 14. The higher count and sum of total frequencies for a joint term 
cj (i.e., the higher number of occurrences of a joint term in the 
sets of records about the selected rare terms) means the better 
matching of a term as the striking joint term cj. The obtained 
list of candidate joint terms cj with their frequencies is arbi-
trary, since each term can be taken as relevant for the genera-
tion of new hypothesis only if it does not appear within the set 
of articles on the starting term (term a).

 15. If no significant joint terms are obtained via the rare terms 
selected in the step Ra, it is necessary to return back to the 
results of the previous step and broaden or change the actual 
selection of rare terms and repeat the process.

Ingrid Petrič and Bojan Cestnik



167

 16. The method assumes that by exploring outlier documents it is 
easier to discover linking b terms that establish previously 
unknown links between literature A and literature C.

 17. This is the same search as described in the first three stages of 
the step Ra with the only difference that we may focus on titles 
instead of abstracts of citations in the third stage.

 18. One or more selected joint terms cj can be considered in the 
link step (i.e., the hypothesis testing) in subsequent iterations 
for detection of implicit links with the problem domain 
denoted by term a.

 19. Each line of the joint document set AC is interpreted as a doc-
ument with the first word in the line being its title.

 20. OntoGen’s [19] two-means clustering algorithm is used to 
automatically generate two document clusters, A′ and C′.

 21. Again, the OntoGen tool [19] is used.
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Chapter 11

Mining Emerging Biomedical Literature for Understanding 
Disease Associations in Drug Discovery

Deepak K. Rajpal, Xiaoyan A. Qu, Johannes M. Freudenberg,  
and Vinod D. Kumar

Abstract

Systematically evaluating the exponentially growing body of scientific literature has become a critical task 
that every drug discovery organization must engage in in order to understand emerging trends for scien-
tific investment and strategy development. Developing trends analysis uses the number of publications 
within a 3-year window to determine concepts derived from well-established disease and gene ontologies 
to aid in recognizing and predicting emerging areas of scientific discoveries relevant to that space. In this 
chapter, we describe such a method and use obesity and psoriasis as use-case examples by analyzing the 
frequency of disease-related MeSH terms in PubMed abstracts over time. We share how our system can be 
used to predict emerging trends at a relatively early stage and we analyze the literature-identified genes for 
genetic associations, druggability, and biological pathways to explore any potential biological connections 
between the two diseases that could be utilized for drug discovery.

Key words Biomedical literature, PubMed, MEDLINE, MeSH, Genes, Diseases, Pathways, Drug 
discovery, Trends

1 Introduction

In a high-pace R & D environment, a comprehensive understanding 
of emerging scientific trends and capturing the knowledge from 
emerging human disease biology is critical to sense new  scientific 
opportunities and potential novel implications to enable employ-
ment of available resources for effective translational research. 
Previously, it has been suggested that the knowledge acquired 
through studying these trends could potentially help develop long-
term investment strategies as well as help in identifying near-term 
opportunities that could benefit the drug discovery process [1, 2]. 
Scientific literature is a great source of studying such scientific 
trends, and creating that knowledge space. Literature search and 
evaluation is thus one of the basic and necessary preoccupations for 
scientists in the research arena. However, the growth of scientific 
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literature in biomedical and life sciences necessitated the development 
of computational methodologies to evaluate the exponentially 
growing contributions from the scientific community. In response, 
numerous methodologies in text mining and knowledge based on 
automated information retrieval, extraction, and inference have 
been developed. In addition, various approaches to “bibliometrics” 
in surveying literatures are in general use across drug discovery 
research efforts [1, 2].

Systematically evaluating and employing biomedical literature 
for various tasks relevant to life sciences and drug discovery range 
from information gathering on molecular entities (e.g., genes, 
 proteins), to discovery of gene–disease, gene–chemical, protein–
protein, and disease–drug associations, and more extensively, to 
efforts to construct putative biological networks based on co-
occurrence of entities within scientific articles [1–8]. New implica-
tions discovered or predictions made from using several literature 
mining methodologies and information retrieval have provided 
new hypotheses for assessment and some of these new concepts are 
subsequently validated experimentally [9, 10].

Methods of information retrieval from published literature rely 
on employing ontologies that represent essential and critical con-
cepts organized in meaningful hierarchies to capture the core 
domain knowledge in scientific space. PubMed (http://www.ncbi.
nlm.nih.gov/pubmed) contains more than 22 million citations 
from the MEDLINE database at the National Library of Medicine. 
The literature in the MEDLINE database is indexed by utilizing 
keywords from Medical Subject Headings (MeSH), a controlled 
vocabulary, to help index, catalogue, and search for biomedical and 
health-related information and literature [3, 11].

In this chapter we describe a method for evaluating emerging 
scientific trends in relation to obesity and psoriasis by analyzing the 
frequency of various MeSH terms from PubMed abstracts for a 
given time period. We show how our system can be used to predict 
emerging trends at a relatively early stage, and describe some of 
these trends. For the remainder of the chapter we will focus on 
how one can use a similar approach to predict emerging disease 
relevant genes by evaluating the frequency of genes/proteins in 
published scientific literature. In other words, given the pace with 
which the disease relevant knowledge is accumulating, we predict 
whether a gene becomes a disease relevant biomarker in the near 
future, given the observed frequency. The principle strength of our 
proposed method is the ability to anticipate emerging scientific 
trends that can help in drug discovery. Focusing on a drug discov-
ery perspective, we then analyze the literature identified genes for 
genetic associations and their druggability. Additionally, we ana-
lyze disease associated genes, and the pathways enriched by these 
gene sets to explore any potential biological associations between 
the two diseases.

Deepak K. Rajpal et al.
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Obesity is a medical condition characterized by the accumulation 
of excess body fat to a degree that is adversely affecting health and 
well-being and overall life expectancy. Obesity rates have increased 
substantially over the past few decades, and today obesity has 
reached epidemic proportions on a global scale. Obesity has been 
described as one of the potentially most important diseases of 
twenty-first century [12]. In 2008, the World Health Organization 
(WHO) estimated that more than 1.4 billion adults (aged 20 and 
above) worldwide were overweight [i.e., with a body mass index 
(BMI) ≥ 25 kg/m2], which included over 200 million and 300 
million men and women, respectively, being obese (BMI ≥ 30 kg/
m2). In 2010, an estimated more than 40 million children under 
the age of 5 years were overweight [13]. Approximately 10 % of 
global child population is now either overweight or obese [14]. 
Not only are these numbers expected to increase in the coming 
years, but also there are serious concerns regarding the epidemic of 
childhood obesity. Obesity is a risk factor for diabetes mellitus, 
hypertension, coronary artery disease, stroke, osteoarthritis, 
complications in pregnancy, and surgical outcomes for unrelated 
medical conditions. The prevalence of some of the common 
digestive disorders such as gastroesophageal reflux disease (GERD), 
esophagitis, gallstones, nonalcoholic fatty liver disease (NAFLD), 
sleep apnea, and cirrhosis is significantly higher in obese individuals 
compared to normal-weight individuals. Obesity has also been 
associated with various cancers, and among nonsmokers about 
10 % of all cancer deaths are reportedly related to obesity [14, 15].

Rising rates of obesity and associated comorbidities place a 
severe burden on medical spending. A recent study estimates that 
medical costs of obesity have risen to $147 billion in 2008 com-
pared to estimates of $78.5 billion for 1998 in the USA [16]. This 
represents as much as 10 % of all medical spending in the USA [14, 
16]. Gastrointestinal weight-loss surgery has been proven to be 
superior in treating obesity and associated comorbidity conditions 
[12, 17]. This is despite the inherent risks associated with surgical 
procedures and the significant lifestyle changes one will have to 
make to achieve the optimal outcomes [18, 19]. There are very 
limited options for pharmacotherapy for obesity. Orlistat, a lipase 
inhibitor, which prevents breakdown of triglycerides by inhibiting 
pancreatic and intestinal lipases, Qsymia™, a combination of the 
drugs phentermine as well as topiramate, and Belviq™ (lorcaserin), 
which is an option for subjects who are either obese (BMI ≥ 30) or 
overweight (BMI ≥ 27) with various comorbidities such as type II 
diabetes mellitus, increased levels of cholesterol, and hypertension. 
For short-term treatment of obesity, the US FDA has previously 
approved the use of phentermine, which is an adrenergic reuptake 
inhibitor that increases adrenergic signaling [20–23]. With the 
available pharmacotherapy approaches, the weight reductions 
achieved are modest, especially when compared with gastrointestinal 

1.1 Obesity
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weight-loss surgery [18]. Therefore, there is a crucial need for 
drug discovery programs to find effective and less invasive thera-
peutic interventions for obesity, and potential new knowledge is 
contributing to studies for such development [24].

Recent clinical observations and cohort study have suggested 
obesity as one of the emerging comorbidities of psoriasis and obe-
sity itself as a potential risk factor for the development of psoriasis 
[25, 26]. While analyzing data from more than 40,000 patients, it 
was observed that systemic disorders such as obesity, diabetes, and 
heart insufficiency were occurring significantly more often in 
patients with psoriasis, when compared to control subjects [27]. 
Also, psoriasis-affected individuals reportedly are at an increased 
risk for metabolic syndrome including insulin resistance, obesity, 
dyslipidemia, and hypertension [28, 29]. There have been case 
reports of remission of psoriasis after gastric bypass surgery [30, 31]. 
All these observations suggest a potential mechanistic link between 
the two conditions.

Psoriasis is a chronic, immune-mediated disease that manifests 
itself in the skin of patients. Its most common form, plaque 
psoriasis, presents as inflamed red lesions or patches of skin that are 
covered with a silvery white buildup of dead skin cells, known as 
scale. Severity varies among individuals, and can range from only a 
few lesions to moderate or large areas of affected skin [32]. It is 
estimated that psoriasis affects approximately 2–3 % of the 
population in the USA and over 125 million subjects across the 
globe [33, 34].

The disease is characterized by scaly, erythematous, and inflam-
matory skin plaques, resulting from hyperproliferation of epider-
mis with incomplete differentiation of keratinocytes and abnormal 
formation of horn cells of the epidermis with persistence of nuclei. 
Lesions often display inflammatory cell infiltration and neovascu-
larization. The pathophysiology of psoriasis remains largely unclear 
[35]. Population and genome-wide association studies suggest a 
genetic component that predisposes individuals to the disease [36–
39]. A complex interaction between genetic, environmental and 
systemic factors, then leads to a wide spectrum of psoriasis disease 
in these genetically predisposed individuals [36].

None of the currently available therapies or combination of 
therapies offers a potential cure; thus, treatment is aimed at reduc-
ing the burden of disease and achieving an improvement in its 
signs and symptoms. The choice of employing topical therapies, 
phototherapy or systemic agents, is influenced by (1) the type of 
psoriasis, severity (mild to severe), (2) extent of involvement of 
various regions of the body, (3) symptoms, and (4) additional 
comorbidity conditions [40, 41]. Available therapeutic options for 
psoriasis continue to expand with the development of biologic 

1.2 Psoriasis
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agents aimed at modulating immune-mediated functions (TNF-α) 
and anti-cytokine approaches (for example IL-12, IL-23, IL-17, 
IL-22) [42]. Combination therapy is frequently employed and is 
often aimed at individualization of treatment to patient needs [43]. 
As mentioned earlier, despite the availability of a number of thera-
peutic options, there remains no cure for psoriasis. Furthermore, 
several therapeutic agents have been associated with risk of severe 
adverse reactions and, occasionally, significant morbidities such as 
skin cancers, serious infections, lymphomas, and hepatic condi-
tions [44–46]. Given the risk of adverse treatment outcomes and 
the considerable variability in response to current treatments, there 
is an urgent need for new therapies and an effective disease man-
agement of psoriasis.

Observational and cohort studies suggest patients with psoriasis 
have higher risk of metabolic syndrome, type II diabetes, and 
 cardiovascular mortality [47–50]. The prevalence of obesity has 
been reported as almost doubled in psoriasis patients as in general 
population. Multiple prior studies also suggest that weight-loss or 
bariatric surgery in obese patients with psoriasis improves the 
severity of psoriasis or response to treatment [51, 52]. While the 
underlying linkage between the psoriasis and obesity remains 
unclear, these accumulating clinical findings strongly implicate 
mechanistic associations between the two conditions.

Intriguingly, it has been proposed that the metabolic agent 
metformin alone or as an add-on therapy to methotrexate could be 
useful for the treatment of psoriasis [53]. Metformin is efficacious 
in the treatment of prediabetes and contributes to a sustained 
weight loss in overweight individuals. Methotrexate, initially intro-
duced as an antineoplastic agent, later found entry into dermatol-
ogy and has been used for treatment of psoriasis and other skin 
conditions [54]. Recently, multiple observational studies indicate 
that psoriasis patients treated by methotrexate may be associated 
with lower cardiovascular risk, thus uncovering additional role of 
methotrexate in anti-inflammation and vasocardio-protection 
[55]. Metformin and methotrexate may derive their pharmacolog-
ical effects through modulating the same common cellular target, 
AMP-activated protein kinase (AMPK). The AMPK enzyme is a 
critical master regulator of metabolism and regulates a number of 
downstream targets that are, for example, important for cellular 
growth or function in many tissues including T-lymphocytes. The 
dual- or multiple-benefits of these agents in the management of 
psoriasis and obesity further support the hypothesis that both 
diseases perhaps share common mechanistic biology. For example, 
inflammatory signaling mechanisms play an important role in pso-
riasis and may further contribute to the development comorbidities 
such as obesity, diabetes, or higher cardiovascular risk [56].  

1.3 Obesity and 
Psoriasis: Are There 
Any Common 
Linkages?
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In addition, clinical transcriptomics analyses comparing psoriasis 
lesional skin with healthy controls also suggest some potential the 
mechanistic links to pathways involved in atherosclerosis, fatty acid 
metabolism, and diabetes [57, 58].

2 Materials

MEDLINE 2013, the US National Library of Medicine (NLM) 
biomedical abstract repository contains approximately 22 million 
reference articles from around 5,640 journals published world-
wide. MEDLINE remains a central point of access to biomedical 
research. Each year under a licensing agreement with the US 
National Library of Medicine, the entire set of PubMed baseline 
databases are downloaded onto one of our a local servers.

An example of MEDLINE record, describing a full-text arti-
cle, is shown in Fig. 1. Each record contains the article title, 
abstract, author’s names, MeSH headings, affiliations, publication 
date, journal name, and other information.

A unique feature of MEDLINE is that the records are indexed 
with NLM’s controlled vocabulary, i.e., the Medical Subject 
Headings (MeSH) thesaurus for retrieval and classification. MeSH 
headings consist of sets of descriptors in a hierarchical structure. 
Subheadings, or qualifiers, provide additional specificity for each 
descriptor. The major MeSH headings (denoted MH) indicate the 
main contents of the article, and the minor MeSH headings are 

2.1 MEDLINE 
and MeSH

PMID - 24048425
DP - 2013 Sep 
TI - The role of Fcgamma receptor polymorphisms in the response to anti- tumor
necrosis factor therapy in psoriasis A pharmacogenetic study.
AB - Variability in genes encoding proteins involved in the immunological  
pathways of biological therapy may account for the differences
AU - Julia M
AU - Guilabert A 
PT - Journal Article 
TA - JAMA Dermatol 
JID – 101589530
RN - 185243-69-0 (TNFR-Fc fusion protein) 
RN - FYS6T7F842 (adalimumab) 
SB - AIM 
MH - Antibodies, Monoclonal/pharmacology/therapeutic use 
MH - Dermatologic Agents/pharmacology/*therapeutic use 
MH - Psoriasis/*drug therapy/genetics/pathology 
MH - Receptors, IgG/*genetics 
MH - Tumor Necrosis Factor-alpha/*antagonists & inhibitors
RN - 185243-69-0 (TNFR-Fc fusion protein) 
RN - FYS6T7F842 (adalimumab)

Fig. 1 A MEDLINE record example—PMID: PubMed ID, TI title, AB abstract, AU 
author, MH MeSH term

Deepak K. Rajpal et al.
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used to describe secondary topics. The MeSH terms are organized 
into concept hierarchies that represent “is-a” and “part-whole” 
relationships. For example in the MeSH disease hierarchy, Multiple 
Sclerosis is an example of Autoimmune Demyelinating Disease, 
which in turn is an example of Nervous System Disease.

A MEDLINE MeSH field is a combination of a MeSH descrip-
tor with zero or more MeSH qualifiers. The MeSH Vocabulary is 
available for download at http://www.nlm.nih.gov/mesh/filelist.
html. The MeSH 2013 vocabulary file includes 26,853 descrip-
tors, 83 qualifiers, and 215,463 supplementary concepts. 
Descriptors are the main elements of the vocabulary. Qualifiers are 
assigned to descriptors inside the MeSH fields to express a special 
aspect of the concept. Both descriptors and qualifiers are organized 
in several hierarchies. On an average there are roughly 10 MeSH 
indexing terms applied for each MEDLINE citation by profes-
sional indexers, who choose these descriptors after reading the full 
length text article. From each PubMed article, the following fea-
tures are extracted: PubMed identifier, year of publication, title, 
author list, affiliation, MeSH terms (with flag indicating if major) 
and substance names as described by Agarwal and Searls [1, 2]. 
This yields ~260 million article-to-MeSH term or substance-name 
mappings.

The Gene name list is built by integrating names and descriptions 
from multiple fields within EntrezGene, HUGO, and UniProt. All 
mouse and rat gene synonyms are mapped onto the orthologous 
human EntrezGene using Homologene [59], a system developed 
for the detection of homologs among annotated genes of several 
completely sequenced eukaryotic genomes. These mappings 
yielded a total of 557K synonyms, though only ~131K of the 
synonyms was found in PubMed abstracts. Gene synonyms that 
refer to multiple human EntrezGenes are flagged, while gene 
names that correspond to common English or those that are likely 
to be other medical terms or abbreviations are discarded. Two 
additional data files from EntrezGene are used to augment Gene 
to PubMed mappings: Gene2pubmed and GeneRIF. GeneRIF 
(Gene Reference into Function) provides a quality functional 
annotation that may extend beyond the genes mentioned in the 
abstract [60]. GeneRIF provides functional annotation of the gene 
mentioned in the abstract, and is usually produced by manual 
curation. Each MEDLINE article’s title and abstract is scanned for 
all high-quality human, mouse, and rat gene names along with 
their synonyms as described by Agarwal and Searls [1, 2]. In total, 
the system contains ~7.4 million PubMed-to-human-gene 
mappings covering ~7.5M articles and ~19.9K human genes.

2.2 MEDLINE 
and Genes
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3 Methods

We counted the number of publications since 2001 for both 
“Obesity [majr]” and “Psoriasis [majr]” and then also searched for 
publications that represent clinical trials with Obesity or Psoriais as 
an indexed subject term (using the PubMed query: “Clinical Trial 
[pt] Obesity or Psoriasis [mh]”). These results are shown in Fig. 2.

To evaluate trends of scientific activity in relation to obesity and 
psoriasis, we analyzed the number of publications on various MeSH 
terms. We compared the number of publications in the time frame 
of 2010–2012 to 2007–2009 to get 3-year trends. All these 
comparisons are done within the context of obesity and psoriasis 
publications, i.e., publications between 2010 and 2012 that are 
indexed with obesity and psoriasis as a major MeSH term. This 
trend  analysis corrects for increase in the overall number of 
publications in obesity from 25,967 between 2007 and 2009 to 
37,241 for the years between 2010 and 2012. Similar analysis for 
Psoriasis corrects for increase in the overall number of publications 
in Psoriasis from 4,773 between 2010 and 2012 and 3,373 for 
2007–2009. Thus, a “hot” trend is a concept that is growing 
statistically faster than the background rise in obesity or Psoriasis 
publications (Fig. 3). We use a hypergeometric distribution or a 
two-sided Fisher’s exact test to determine if the MeSH term under 

3.1 Obesity and 
Psoriasis: Trends

3.2 Obesity and 
Psoriasis: “Hot” and 
“Cold” Concepts 
and Genes

0

2,000

4,000

6,000

8,000

10,000

12,000

Obesity
Publications

Obesity Clinical
trials

Psoriasis
Publications

Psoriasis  Clinical
trials

Fig. 2 Number of scientific publications associated with obesity or psoriasis over 
time showing the years 2001–2012. For comparison, the graph also shows the 
subset of publications that discuss clinical trials related to either disease. The 
citation numbers were derived using the described literature mining methodol-
ogy. The annual number of citations for each of the diseases increased between 
twofold and fivefold during that period with obesity clinical trials having the larg-
est relative increase. Specifically, the number of publications on obesity increased 
3.4-fold, on obesity clinical trials 5.1-fold, on psoriasis 3.1-fold, and on psoriasis 
clinical trials 2.0-fold, respectively
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consideration had more publications than would be expected by 
chance [2]. We restricted the analysis to articles with the search term 
as a major MeSH annotation, and excluded search terms that were 
descendants of the MeSH tree. The reason for the exclusion was to 
deemphasize obvious relationships between parent terms and their 
children (such as Diabetes Mellitus and Type II Diabetes Mellitus). 
The results of this analysis with regards to Genes are presented in 
Fig. 4, and with MeSH terms are presented in Fig. 5.

Fig. 3 Method to determine whether a concept or MeSH term was “hot” or “cold” 
in the last 3 years relative to the preceding 3-year period. Significantly higher or 
lower than expected citation counts are interpreted as “hot” and “cold,” respec-
tively. The normalized citation count associated with the concept is expected 
remain constant over each 3-year period. Statistical significance is determined 
using a two-tailed Fisher’s exact test

0

0

obesity publications `07-`09

ob
es

ity
 p

ub
lic

at
io

ns
 `1

0-
`1

3

101 102 103 104

10
1

10
2

10
3

10
4

“cold” genes

a b

“hot” genes

lep�n

adiponec�nTNF

ghrelin

neuropep�deY

PRKAA1,2
PRKAB1

ZGLP1

ACE
TLR4

TMEM18
RARRES2
GNPDA2

PRDM16
MBOAT4

IL17A

SIRT1

FGF21

BHLHE22
CACNB3 
FLAD1

POLR2D
Prolac�n
INSIG2
ADRB3
endothelin1
PPARD
ASIP
ENPP1
GNB3
GABRB3

RBP4

0.0

0.
0

psoriasis publications `07-`09

ps
or

ia
si

s 
pu

bl
ic

at
io

ns
 `1

0-
`1

3

101

10
1

“cold” genes
“hot” genes

IL17A

ACE

IL23A

INFG

KRT16

ITGAL

TRAF3IP2

ITGB2

10
2

102

Fig. 4 Bubble plots highlighting genes that show significant trends (“hot” grey bubbles or “cold” black bubbles) 
in their publications within the obesity (a) or psoriasis (b) literature in the last 3 years (2010–2012) compared 
to 2007–2009. Larger circles indicate more significant Fisher p-values

Mining Emerging Biomedical Literature for Understanding Disease Associations…



180

One of the first analyses for biological understanding of a disease is 
investigating the genes that are implicated in the disease biology. 
Biomedical literature is still a major source of information for 
identifying such gene–disease associations. In a drug discovery 
context, the value of categorizing literature by gene or disease is 
manifold. Based on the method described by Agarwal and Searls 
[1], we can immediately get a ranked list of genes associated with 
a disease, for results based on the PubMed query “Obesity [majr]” 
and “Psoriasis[majr]” respectively. The resulting gene list for each 
query includes p-values which are computed independently for 
each gene name using Fisher’s exact test and can help with 
prioritizing the gene–disease level associations. Based on this 
approach, we identified genes in literature associated with obesity 
and psoriasis, respectively. Selection of the significant genes was 
based on geneRIF records or statistical significance (p-value ≤ 0.05). 
Functional Enrichment Analysis was performed as previously 
described [61] using a false discovery cutoff of 0.1 and employing 
the functional gene annotation packages from Bioconductor 
version 2.22 [62].

The large number of genes preferentially expressed in each disease 
suggests that they differ in many fundamental signaling and 
metabolic pathways. To more systematically assess canonical 
signaling and metabolic pathways enriched in each disease as well 
as those common to both, we used the IPA tool from Ingenuity 
Systems (http://www.ingenuity.com). Given a list of genes, IPA 
performs a statistical test for enrichment of these genes in its 

3.3 Obesity and 
Psoriasis: Genes

3.4 Obesity and 
Psoriasis: Canonical 
Pathways
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Fig. 5 Bubble plots highlighting MeSH terms that show significant trends (“hot” grey bubbles or “cold” black 
bubbles ) in their publications within the obesity (left panel) or psoriasis literature (right panel ) in the last  
3 years compared to 2007–2009. Larger circles indicate more significant Fisher p-values
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manually curated canonical pathway database. Each individual IPA 
signaling pathway includes extracellular signaling components, cell 
membrane receptors, downstream effectors, and transcription 
factors that have been described to interact in the published 
scientific literature, with each pathways often including from 30 to 
100 or more individual genes. The IPA metabolic pathways are 
derived from the KEGG metabolic pathways. These tools allow us 
to determine the top canonical signaling and metabolic pathways 
represented among the genes that are significantly enriched for any 
given disease or diseases. Figure 7 summarizes the top signaling 
pathways and metabolic pathways enriched at p < 0.05 for obesity 
and psoriasis, respectively. Comparative pathway analysis is 
conducted to identify the common significantly enriched pathways 
for both diseases. These enriched signaling pathways are likely 
influenced by cell–cell interactions, perturbed by disease processes, 
and affected by drugs to yield physiological effects.

4 Results and Discussion

It is reasonable to assume that publication frequency represents 
one measure of scientific activity in a specific area of scientific 
research. The number of publications associated with obesity grew 
from 3,216 to 11,065, and those associated with Psoriasis grew 
from 484 to 1,481, during the years 2001 to 2012. The number 
of publications on clinical trials associated with obesity grew from 
223 to 1,131, and those associated with Psoriasis grew from 75 to 
151, during the same period of 2001–2012 (Fig. 2). Analysis of 
scientific activity trends through bibliometrics or related text- 
mining methodologies offer opportunities to evaluate growth in 
certain areas, which may suggest growing areas of knowledge as 
well as areas of important health concerns that may create new 
avenues for therapeutic intervention. The growing numbers of 
publications associated with obesity over the last 12 years are 
consistent with increased concerns about the health impacts of 
obesity reaching epidemic proportions globally [14]. Similarly, the 
increase in the number of psoriasis publications potentially reflects 
a similar health concern due to this disease. In terms of drug 
discovery, clinical trials represent a major area of direct investigation 
of drug effects in human subjects. When we searched for 
publications that represent clinical trials with obesity or psoriasis as 
an indexed subject term (using the PubMed query: “Clinical Trial 
[pt] Obesity or psoriasis [mh]”), we see an increase in the number 
of publications in this category suggesting an increase in 
investigation activity of therapeutic interventions in human 
subjects for obesity (Fig. 2). These counts are not necessarily the 
number of obesity clinical trials, but represent publications that are 
of type “clinical trial” and have obesity as an indexed MeSH term. 

4.1 Obesity and 
Psoriasis Trends: 
Growing Health 
Concerns

Mining Emerging Biomedical Literature for Understanding Disease Associations…



182

Collectively, the publication trends point to obesity being a 
growing health concern, and psoriasis being a major health concern 
that are being evaluated by clinical studies to potentially find 
effective therapeutic intervention strategies.

As mentioned in Subheading 3, with regards to measuring scientific 
activity as trends, and evaluating them as “hot” or “cold” concepts, 
for obesity and psoriasis, we analyzed the number of publications 
on various MeSH terms as mentioned above, in the time frame 
2010–2012, when compared to 2007–2009. Thus, a “hot” trend 
is a concept that is growing statistically faster than the background 
rise in total publications on obesity or psoriasis. For example 
(Fig. 4a), presents “Leptin” as one of the “cold” concept genes, 
while “SIRT1 (Sirtuin-1)” and “PRKAA1 (Protein kinase, AMP-
activated, alpha 1 catalytic subunit) and PRKAA2 (Protein kinase, 
AMP-activated, alpha 2 catalytic subunit)” as some of the “hot” 
concept genes. The leptin gene (LEP) encodes a 16-kDa circulating 
peptide that binds to the leptin receptor encoded by the leptin 
receptor gene (LEPR). Leptin is primarily secreted by white 
adipocytes and plays a role in signaling pathways involved in 
appetite regulation as well as other physiological functions. The 
discovery of leptin was one of the exciting aspects of obesity 
research, which led to intense focus in the late 1990s to the early 
2000s and included many physiological studies that suggested a 
critical axis between body fat and the hypothalamus [63, 64]. This 
may have resulted in an elevated baseline for this gene, and lack of 
direct pharmacological modulation for antiobesity, may potentially 
have played a role in exploration into this space along with 
unexpected outcomes with cannabinoid systems modulation, as 
described later in this chapter.

Sirtuin 1 is a protein deacetylase that targets endothelial nitric 
oxide synthase resulting in an enhanced state of bioavailability for 
nitric oxide. SIRT1, the most studied member among the family of 
sirtuins, responds to overfeeding, starvation, energy homeostasis, 
and exercise similarly as that of AMP-activated protein kinase, 
although on a different scale of time. SIRT1 and AMP-activated 
protein Kinase appear to have a closely regulated role in metabolic 
homeostasis, and it is one of the intense areas of scientific investiga-
tion for therapeutic intervention [65]. This hot concept is a poten-
tial reflection of that. Another set of “hot” genes are “PRKAA1 
(Protein kinase, AMP-activated, alpha 1 catalytic subunit) and 
PRKAA2 (Protein kinase, AMP-activated, alpha 2 catalytic sub-
unit).” The proteins encoded by these two genes belong to the 
ser/thr protein kinase family. AMP-activated protein kinase is a 
heterotrimer consisting of an alpha catalytic subunit, and non- 
catalytic beta and gamma subunits. The proteins encoded by 
PRKAA1 and PRKAA2 form the catalytic subunits of the 5′-prime-
AMP- activated protein kinase (AMPK). AMPK’s critical role is to 

4.2 Obesity and 
Psoriasis: “Hot” and 
“Cold” MeSH Concepts 
and Genes

4.2.1 Obesity: “Hot”  
and “Cold” Genes
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function as a cellular energy sensor and protect cells from stresses 
that cause ATP depletion is to switch off ATP-consuming biosyn-
thetic pathways by regulating the activity of a number of key meta-
bolic enzymes through phosphorylation. Increase in the cellular 
AMP–ATP ratio serves as a signal for activation of the kinase activ-
ity of AMPK. Activated AMPK phosphorylates and inactivates 
acetyl-CoA carboxylase (ACC) and beta-hydroxy beta-
methylglutaryl- CoA reductase (HMGCR), key enzymes involved 
in regulating de novo biosynthesis of fatty acid and cholesterol. 
The role of AMPK in energy homeostasis and in relevant patholo-
gies is an active area of scientific research for therapeutic modula-
tion [66].

Figure 5a presents “Cannabinoid Receptors” as a “cold” concept 
and “Gastrointestinal Hormones” as a “hot” concept. The 
endocannabinoid system is a critical regulator of feeding behavior 
and energy homeostasis. The discovery of the endocannabinoid 
system, with CNR1 (Cannabinoid receptor 1) and CNR2 
(cannabinoid receptor 2) as well as their ligands and enzymatic 
systems, has been a critical research area in a growing number of 
physiological and pathological functions. This research has been 
instrumental in exploring therapeutic options of modulating 
cannabinoid receptors for a beneficial aspect in broad range of 
diseases such as obesity as well as various inflammatory, 
neurodegenerative and cardiovascular conditions. However, 
clinical studies with CNR1 antagonists for obesity and metabolic 
conditions as well as other modulations of CNR1 and CNR2 with 
agonism resulted in unexpected complexities, potentially 
suggesting that an increased understanding of endocannabinoid 
system is required before realizing therapeutically beneficial 
aspects of its modulation. The cold concept is a possible reflection 
of that realization [67]. On the other hand, there is increasing 
evidence suggesting that peptide hormones from the L cells of the 
small intestine that form the core of enteroendocrine system, have 
critical roles to play in metabolic status of individuals. Specifically, 
they serve as incretins or through their function in central nervous 
system act as mediators of satiety and appetite. Additionally, 
increasing evidence suggests that various gastrointestinal hormones 
such as glucagon-like peptide-1 (GLP- 1), peptide YY (PYY), and 
others are elevated after bariatric surgery and may play a role in 
modulating bile acids by potentially regulating key sensors in the 
gastrointestinal tract [68]. GLP-1 is a clinically relevant 
pharmacological analogue, and along with other peptide hormones 
is an intense area of investigation for therapeutic intervention 
strategies for metabolic diseases. Perhaps, this “hot” concept is a 
reflection of scientific interest in elucidating novel functions of 
these hormones for pharmacologic development of peptide 
analogues for obesity and other relevant metabolic diseases [69].

4.2.2 Obesity: “Hot” and 
“Cold” MeSH Concepts
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Figure 4b highlights some of the “hot” and “cold” genes in 
relation to the searches for Psoriasis associated genes. For example, 
this analysis suggests, “IL17A (Interleukin 17A),” “IL23A 
(Interleukin 23, alpha subunit p19),” and “TRAF3IP2 (TRAF3 
interacting protein 2)” as some of the “hot” genes, while “IFNG” 
(Interferon, gamma) as a “cold” gene, among some other “cold” 
genes. Interestingly, TRAF3IP2 encodes a signaling adaptor 
involved in the regulation of humoral and cellular immunity. This 
protein, interestingly, also represents a major link between IL-17 
mediated adaptive immune responses and NF-κB as the master 
regulator of innate immunity. In terms of genetic basis, GWAS 
studies (genome-wide association studies) have identified genetic 
association of TRAF3IP2 with susceptibility to psoriasis and 
psoriatic arthritis [70, 71]. Reduced binding of TRAF3IP2 variant 
to TRAF6 (TNF receptor-associated factor 6, E3 ubiquitin protein 
ligase), suggesting alternated modulation of immunoregulatory 
signal through altered TRAF interactions [70].

Psoriasis lesions develop through sustained immune dysregula-
tion of pathways involving T helper cell responses mainly belonging 
to the Th1, Th17 and Th22 lineages. Various studies suggested 
strong association and causality between the T-cell helper 1 inductor 
cytokine IL-12 and a range of immune-mediated disorders including 
psoriasis. It was later found that IL-23, another cytokine important 
to the development and maintenance of Th17 cells, is in fact  sharing 
a subunit of p40 with IL-12. Subsequent studies further established 
that IL12/IL23 p40 is playing an integral role in the pathologies of 
psoriasis and other autoimmune diseases [72]. While the role of 
these individual T-cell subsets as well as cytokine interactions in 
human disease still remain to be further understood, IL-23 is known 
to promote Th17 response and regulate Th17 T cells, which secrete 
several proinflammatory cytokines includingIL- 17A. IL-17A, which 
is expressed by Th17 cells, has a direct effect on the regulation of 
genes expressed by keratinocytes that play roles in innate immunity. 
Subsequent gene expression studies demonstrated that the levels of 
IL12, IL17, and their target genes are elevated in psoriasis skin 
lesions [73, 74]. Notably, the scientific understanding from various 
studies has contributed to the development of therapeutic agents 
around IL23/IL12 and IL17. For example, Ustekinumab™, one of 
the first human monoclonal antibody that binds to the p40 subunit 
of IL12 and IL23, was developed to treat moderate to severe plague 
psoriasis and later on approved for the treatment of psoriatic arthri-
tis (FDA approval on Sept. 2013, Ref. Stelera Label). Another 
promising agent, Ixekizumab™, a humanized anit-IL17 monoclo-
nal antibody, is under active clinical evaluation for psoriasis treat-
ment and other relevant autoimmune disorders. Given the overlap 
between human Th1 and Th17 pathways and the plasticity between 
human Th lineages, it is likely that more research investment will 
continue in this direction for enhanced understanding of disease 
biology, and therapeutic intervention.

4.2.3 Psoriasis: “Hot” 
and “Cold” Genes
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The notion of psoriasis being a local skin disease has been challenged 
by several large epidemiological studies and it is now recognized as 
a systemic disease. Figure 5b shows some of the “Hot” and “Cold” 
MeSH concepts in relation to the searches for psoriasis. For 
example, one of the “cold” concepts is “Dermatologic Agents.” It 
has been estimated that between 7% and 40 % of patients with 
psoriasis eventually go on to develop psoriatic arthritis [75]. In 
addition, several important diseases including metabolic syndrome, 
Crohn’s disease are comorbid or associated with psoriasis. The 
increasing knowledge led to a potential shift of therapeutic 
intervention strategy from conventional topical “Dermatologic 
Agents” to “Systemic Agents” for immune modulators. In 
particular, since the first drug that interferes with the functions of 
Th17 cells was approved in 2009 [76], more therapeutic efforts 
and investments have been put into the development of biologics. 
Further research and development, led to several novel biologic 
candidates, such as monoclonal antibodies targeting IL12/IL23 
p40 subunit and IL-17 systems that show promise not only for the 
management for psoriasis but also for various other autoimmune 
diseases, Along with this, IL-1 system emerged to be another 
intriguing avenue for potential therapeutic modulation. IL-1 is a 
cytokine abundantly present in human epidermis and influences 
cutaneous inflammation and keratinocyte proliferation. The 
pathophysiological relevance of IL-1 in psoriasis has been evidenced 
by in vivo models and clinical studies [77, 78]. The IL-1 epidermal 
system is an important biological system for modulation with both 
IL-1 agonism as well as IL-1 receptor antagonism to influence 
keratinocyte differentiation and cutaneous inflammation, which 
are two hallmarks of psoriasis.

Next, we evaluated genes that are implicated in the disease biology. 
Our literature mining methodology, identified 2,744 and 684 
genes in literature associated with obesity, and psoriasis,  respectively 
(Fig. 6). The selected genes were based on geneRIF records or 
having a p-value less than the cutoff of 0.05. 169 genes were 
common between the two searches (Fig. 6), suggesting potentially 
common biological pathways and molecular mechanisms associated 
with these diseases. Interestingly, some of the common genes 
include well-known obesity-related genes including leptin, insulin, 
several interleukins (IL1A, IL4, IL8, IL10, IL13, IL20, etc.), 
glucagon, angiotensin converting enzyme, IGF1, and sirtuin 1 
(Table 1). Similarly, some of the well- known psoriasis relevant 
genes such as IL17A, various interleukins, IFNG, and various 
others also make to this list of intersected genes between obesity 
and psoriasis, suggesting some potential linkages at gene level, and 
may be at pathway level, for potential therapeutic interventions 
(Table 1). Some of the genes from these analyses have also been 
proposed as potential targets for further evaluation by drug 
discovery programs through integrative analysis approaches [79].

4.2.4 Psoriasis: “Hot” 
and “Cold” MeSH Concepts

4.3 Obesity and 
Psoriasis: Genes
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Pathway enrichment analysis was conducted using genes associated 
with obesity and psoriasis identified from literature mining. Top 
enriched pathways are illustrated in Fig. 7. A strong functional 
theme from metabolic signaling pathways known to be associated 
with metabolic syndromes have been identified for obesity gene 
list, including Type II Diabetes Mellitus signaling, AMPK signaling, 
insulin signaling, PPARa/RXRa activation, triacylglycerol 
degradation, and leptin signaling (Fig. 7—left column). In parallel, 
a strong functional theme of immune and inflammatory- related 
pathways is identified for psoriasis gene list, e.g., cytokines in 
mediating communication between immune cells, IL17A in psoriasis, 
altered T cell and B cell signaling, cross talk between dendritic cell s 
and natural killer cells. These findings are consistent with our 
current understandings of disease biology of both diseases, which 
in turn, supports the validity of the genes identified from literature 
mining using our methodology.

Notably, when we compared pathways enriched for each dis-
ease associated gene sets, we observed some pathways of interest 
that both diseases shared (Fig. 7—middle column). This sug-
gested that lipid metabolism (e.g., triacylglycerol biosynthesis) and 
related signaling pathways (FXR/RXR/LXR activation and 
PPAR signaling) may have a role in obesity as well as psoriasis 
pathogenesis. This may potentially point to further understand-
ings of the clinical comorbidity of the two conditions at a mecha-
nistic level. Consistently, Functional Enrichment Analysis [61] 
using the list of common genes between obesity and psoriasis also 
supports the observation that these genes are related to response 
to lipid, inflammatory response, response to insulin stimulus 
among a number of other significantly over-represented gene 
ontology categories and molecular pathways (Table 2). 

4.4 Obesity and 
Psoriasis: Pathways

Fig. 6 Venn diagram showing the number genes derived using the described lit-
erature mining methodology in order to identify genes associated with obesity 
and/or psoriasis in the scientific literature. Statistical significance is computed 
using Fisher’s exact test
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Table 2 
Subset of gene ontology categories and molecular pathways significantly enriched in the list of 169 
literature derived genes common to both obesity and psoriasis. Enrichment analysis was performed 
as previously described [61] using gene ontology biological processes (GO:BP), cellular 
compartments (GO:CC), and molecular pathways (KEGG, REACTOME)

ID Type Description Fisher FDR
Log odds 
ratio

GO:0005615 GO:CC Extracellular space 5.6E-23 2.06

GO:0033993 GO:BP Response to lipid 9.4E-23 2.28

GO:0006954 GO:BP Inflammatory response 2.3E-22 2.30

GO:0001934 GO:BP Positive regulation of protein 
phosphorylation

1.5E-20 2.16

GO:0007243 GO:BP Intracellular protein kinase cascade 3.7E-18 1.85

GO:0045321 GO:BP Leukocyte activation 4.8E-16 1.97

GO:0032868 GO:BP Response to insulin stimulus 6.9E-14 2.35

GO:0007259 GO:BP JAK-STAT cascade 7.9E-13 2.87

hsa04060 KEGG Cytokine-cytokine receptor interaction 8.8E-10 1.88

168249 REACTOME Innate immune system 4.6E-05 1.33

2219530 REACTOME Constitutive PI3K/AKT signaling in cancer 3.6E-04 2.11

Obesity - Top 20 Pathways Psoriasis - Top 20 Pathways

Top Common Pathways in Both

LPS/IL-1 Mediated Inhibition of
RXR Function

FXR/RXR Activation

LXR/RXR Activation

Triacylglycerol Biosynthesis

PPAR Signaling

Type II Diabetes Mellitus Signaling
Role of Cytokines in Mediating Communication

between Immune Cells
Granulocyte Adhesion and Diapedesis

Atherosclerosis Signaling

Agranulocyte Adhesion and Diapedesis

Role of IL-17A in Psoriasis

p38 MAPK Signaling

Dendritic Cell Maturation
IL-17A Signaling in Gastric Cells

IL-10 Signaling

IL-17 Signaling
IL-6 Signaling

PPAR Signaling

T Helper Cell Differentiation

Role of Macrophages, Fibroblasts and Endothelial
Cells in Rheumatoid Arthritis

Crosstalk between Dendritic Cells and Natural Killer
Cells

Graft-versus-Host Disease Signaling

Differential Regulation fo Cytokine Production in
Intestinal Epithelial Cells by IL-17A and IL-17F

Altered T Cell and B Cell Signaling in Rheumatoid
Arthritis

Communication between Innate and Adaptive
Immune Cells

Role of Hypercytokinemia/hyperchemokinemia in
the Pathogenesis of Influenza

AMPK Signaling

Triacylglycerol Degradation

Leptin Signaling in Obesity

LPS/IL-1 Mediated Inhibition of RXR Function

PPARα/RXRα Activation

FXR/RXR Activation

Triacylglycerol Biosynthesis

LXR/RXR Activation

TR/RXR Activation

PXR/RXR Activation

Insulin Receptor Signaling

Retinol Biosynthesis

PPAR Signaling

G Protein Signaling Mediated by Tubby

Stearate Biosynthesis I (Animals)

Fatty Acid Activation

Role of JAK2 in Hormone-like Cytokine Signaling

Gαs Signaling

Mitochondrial L-carnitine Shuttle Pathway

Fig. 7 Pathway evaluation and comparison. Top 20 enriched pathways (p < 0.05) for obesity (left column ) and 
psoriasis (right column ) are identified based on genes extracted from literature mining. Middle table highlights 
the top common enrichment pathways between the two diseases
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Additionally, employing integrated methodologies with emerging 
knowledge space could be extremely valuable in identifying new 
areas for therapeutic intervention [80, 81].

Similar to the approach outlined in [79], we further analyzed the 
list of 169 genes common to both obesity and psoriasis literature 
searches (Table 1). The additional data sources to annotate these 
genes include the Druggable Genome [82], human genetic disease 
associations from two public databases [83, 84], and mouse 
phenotypes [85]. 157 out of the 169 genes were represented in the 
Druggable Genome database and 40 of those had the highest 
confidence scores of 4 or 5. 129 genes had obesity related genetic 
associations and 39 out of the 169 genes are reported to have 
genetic associations with psoriasis. As an example, vitamin D 
receptor (VDR) is among the high-confidence druggable genes, 
has genetic association with psoriasis and obesity in both mouse 
and human. VDR and relevant pathways are of interest in not only 
metabolic homeostasis but also for other conditions [86]. 
Thorough analysis of the information presented in Table 1 along 
with additional information from other sources, could potentially 
be valuable in identifying some drug discovery targets for further 
prosecution, and for exploring common mechanistic understandings 
between psoriasis and obesity. Along with the enhanced knowledge 
and results from observational and intervention studies, there may 
potentially be opportunities for repurposing some of the existing 
molecules to help manage these two diseases [80].

At least 12 clinical trials are found (based on http://www.
clinicaltrial.gov November, 2013) to assess interventions or 
behavior impacts for human subjects with dual conditions of 
Obesity and Psoriasis, including 6 actively ongoing studies 
(Table 3). Whereas further insights will be gained once these stud-
ies start generating data and results, promising findings have 
started to surface. For example, it has been reported from several 
trials that obese patients with moderate to severe psoriasis can 
show improvements in the severity of psoriasis and/or increase 
their response to treatment if controlled diet is included in the 
treatment regimen (clinical trials NCT00512187, NCT00537212, 
NCT01876875, and NCT01137188).

5 Concluding Remarks

Obesity and psoriasis are major health concerns. In this chapter, we 
present a literature-mining methodology that evaluates current 
trends in these fields, and points to gene–disease associations that 
can be employed in helping make scientific and strategic decisions 
in drug discovery efforts. Psoriasis has evolved into a disease model 

4.5 Obesity and 
Psoriasis: Drug 
Discovery

Mining Emerging Biomedical Literature for Understanding Disease Associations…
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for what are classified as immune mediated inflammatory disorders 
and its association with metabolic syndrome implicates an underlying 
common link between these conditions in the form of protein- 
coding genes and molecular mechanisms. Uncovering these genes 
and biological pathways offers a chance to further investigate the 
two diseases in order to gain a new understanding of the disease 
pathologies and to realize potential opportunities for therapeutic 
intervention by drug discovery programs. Moreover, understand-
ing comorbidity conditions may lead to new disease treatment 
strategies and applications of existing or new medicines for effective 
management of both diseases.

Table 3 
Clinical trials with both “Obesity” and “Psoriasis” as disease conditions

NCT number Title Status

NCT00512187 Moderate weight loss makes obese patients with severe chronic 
plaque psoriasis responsive to suboptimal dose of cyclosporine:  
an investigator blinded, controlled, randomized clinical trial

Completed

NCT01876875 n-3 Polyunsaturated fatty acid-rich diet in psoriasis Completed

NCT01137448 The effect of weight loss on psoriasis area severity index  
in adult psoriasis patients

Recruiting

NCT01856647 A pilot study to characterize adipose tissue leukocytes  
by flow cytometry and microscopy in lean, obese  
and psoriatic subjects (lean/obese)

Recruiting

NCT00477191 Effects of TNF-alpha antagonism (Etanercept) in patients  
with the metabolic syndrome and psoriasis

Recruiting

NCT01122095 Cross-sectional evaluation of biological markers of  
cardiovascular disease in children and adolescents  
with psoriasis

Recruiting

NCT01439425 Weight reduction alone may not be sufficient to maintain  
disease remission in obese patients with psoriasis

Not yet 
recruiting

NCT00800982 Open label study etanercept’s maintenance dose in obese  
patients with moderate to severe plaque type psoriasis

Completed

NCT00537212 Study of the effect of diet in overweight or obese patients  
with psoriasis on light therapy

Completed

NCT01137188 Effect of weight loss on psoriasis Completed

NCT01181570 Efficacy and safety of adalimumab in patients with psoriasis  
and obstructive sleep apnea

Completed

NCT00879944 Impact of the severity of pediatric psoriasis on childhood  
body mass index

Recruiting

Deepak K. Rajpal et al.
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Chapter 12

Integrative Literature and Data Mining to Rank Disease 
Candidate Genes

Chao Wu, Cheng Zhu, and Anil G. Jegga

Abstract

While the genomics-derived discoveries promise benefits to basic research and health care, the speed and 
affordability of sequencing following recent technological advances has further aggravated the data deluge. 
Seamless integration of the ever-increasing clinical, genomic, and experimental data and efficient mining 
for knowledge extraction, delivering actionable insight and generating testable hypotheses are therefore 
critical for the needs of biomedical research. For instance, high-throughput techniques are frequently 
applied to detect disease candidate genes. Experimental validation of these candidates however is both 
time-consuming and expensive. Hence, several computational approaches based on literature and data 
mining have been developed to identify the most promising candidates for follow-up studies. Based on 
“guilt by association” principle, most of these methods use prior knowledge about a disease of interest to 
discover and rank novel candidate genes. In this chapter, we provide a brief overview of recent advances 
made in literature- and data-mining-based approaches for candidate gene prioritization. As a case study, we 
focus on a Web-based computational approach that uses integrated heterogeneous data sources including 
gene–literature associations for ranking disease candidate genes and explain how to run typical queries 
using this system.

Key words Literature mining, Data mining, Candidate gene ranking, Disease gene ranking, 
Integrative genomics, Systems biology

1 Introduction

Recent advances in high-throughput techniques in biomedical 
domains are generating humongous amounts of heterogeneous 
data at a pace that undermines the strategies to deal with it effec-
tively. The rapid accumulation of literature data which is beyond 
the reach of manual curation precipitates the information deluge 
problem further. According to an estimate, the number of pub-
lished articles continues to increase further at a rate exceeding 
600,000 articles per year [1]. As a result, often, there is a signifi-
cant delay between the publication of research finding and the 
extraction of this information and using it in the discovery pipe-
lines. To improve the efficiency and the consistency of the overall 
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knowledge extraction process and to minimize the workload of 
expert or manual curation, text- and data-mining tools are used as 
potential alternatives with varying results. Comprehensive 
literature- based analyses are now an integral part of complex bio-
medical research and knowledge extraction pipelines. Further, the 
scope of literature analysis now encompasses not just the abstracts 
of published articles but the full texts and other sources of bio-
medical information including gene expressions, biochemistry, and 
genome biology [2]. Literature-mining and integrated data- mining 
approaches have been particularly effective discovering and priori-
tizing disease-causal genes and targets of bioactive compounds.

Integrated literature and data-mining-based analyses can 
broadly be classified into following independent but related proce-
dures that include information retrieval (IR) and information 
extraction (IE), building entities associations, and knowledge infer-
ence. An IR engine responds to a user-generated query comprising 
of specified terms of interest (e.g., keywords), and retrieves a collec-
tion of documents across multiple scientific disciplines that are 
related to the query. The retrieval of text is usually performed on 
the basis of keyword matching. Therefore, a challenging task is to 
identify and extract such entities (present often as synonyms), and 
this process is referred to as information extraction (IE). In the bio-
medical domains, IE typically comprises the identification of bio-
entities (e.g., genes, diseases or bioactive compounds) and the 
relationships between these entities. An IE solution typically begins 
with entity recognition. Given a stream of text, the named entity 
recognition (NER) determines which items in the text map to proper 
names that are stored in a controlled vocabulary. Different IE solu-
tions may apply various dictionaries or controlled vocabularies, such 
as Unified Medical Language System (UMLS) [3], Mammalian 
Phenotype Ontology [4], MeSH [5], OMIM [6], Gene Ontology 
[7], etc. To index a scientific publication, the text will usually 
undergo a series of procedures starting with the segmentation and 
labeling of the text into different sections such as abstract, introduc-
tion, results, etc. The partitioned text is further segmented into 
sentences which will be further decomposed into a bag of tokens 
where performing specific steps (e.g., stemming) may be advanta-
geous [8]. Once the preprocessing of each document of the corpus 
is completed, an IR engine, such as PubMed/MEDLINE, will be 
able to map the keywords of the query to the indexed documents, 
retrieving relevant documents. Table 1 lists some of the resources 
and tools related to information retrieval and information extrac-
tion from biomedical literature (see BioNLP.org for more details).

Starting with the Swanson’s ABC model [25] to the more recent 
semantic-Web-based approaches (e.g., PosMed [26]), several bio-
medical literature mining systems have been developed for knowl-
edge extraction and hypotheses generation directly from the literature. 
Several applications have also been developed where  literature mining 

1.1 Literature-
Mining- Based 
Biomedical 
Discoveries
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Table 1 
Information retrieval and information extraction tools (Note: this list is not exhaustive and is 
primarily meant to provide a list of examples. We apologize for any oversights)

Resource/tool URL Summary

CTD [9] http://ctd.mdibl.org/ Provides insights into chemical actions, 
disease susceptibility, toxicity, and 
therapeutic drug interactions by curating 
and integrating data describing 
relationships between chemicals, genes/
proteins, and human diseases

PharmGKB [10] http://www.pharmgkb.org/ A comprehensive resource that curates 
knowledge about the impact of genetic 
variation on drug response for clinicians 
and researchers

STITCH [11] http://stitch.embl.de/ Contains interactions between 1.5 million 
genes and over 68,000 bioactive 
compounds

iHOP [12] http://www.ihop-net.org/
UniPub/iHOP/

Processes Medline abstracts and generate 
hyperlinked sets of protein interactions

Predictive 
networks [13]

http://predictivenetworks.
org/

Integrates gene interactions and networks 
information from PubMed literature and 
other online biological databases and 
presents it in an accessible and efficient 
user interface

GeneWays [14] http://anya.igsb.anl.gov/
Geneways/GeneWays.html

A system for automatically extracting, 
analyzing, visualizing, and integrating 
molecular pathway data from the research 
literature

CoPub [15] http://services.nbic.nl/
copub/portal

Retrieves co‐occurring biomedical concepts 
that are divided into curated classes from 
MEDLINE abstracts

Textpresso [16] http://www.textpresso.org Provides extracted statements containing 
entities of interest on a subset of full text 
articles. The entities are organized in 
hierarchical structures

Reflect [17] http://reflect.embl.de Reflects tags gene, protein, and small 
molecule names in any Web page, typically 
within a few seconds, and without 
affecting document layout. Clicking on the 
tagged concepts then presents detailed 
knowledge associated with the concepts

Bio2RDF [18] http://bio2rdf.org Annotates documents from public 
bioinformatics databases into Resource 
Description Framework (RDF) format 
with normalized URIs and ontologies

(continued)
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is used in an integrated manner complementing other bioinformatics 
methods (e.g., genomic and gene annotation data mining) for iden-
tifying and ranking candidate genes for diseases and drugs (e.g., [26–
28]). The classical triangulation principle wherein two concepts 
without explicit communications may be associated through a third 
concept being their common intermediate serves as a base to exploit 
existing concept co-occurring relationships in literature to build 
novel and potentially meaningful associations. For example, 
Arrowsmith [29], which was built on the closed discovery mode of 
the original ABC model, relates two articles to each other even if they 
did not share any authors and represent disparate topics. Likewise, 
CoPub Discovery [30], directly mines the concept co-occurrence 
from biomedical literature and prioritizes potential concepts related 
to diseases or other genes. Another class of literature-mining-based 
methods uses  lexical  statistics (e.g., relative token counts, inverse 

Resource/tool URL Summary

MetaMap [19] http://metamap.nlm.nih.
gov/

Maps biomedical text to the UMLS 
Metathesaurus or, equivalently, to discover 
Metathesaurus concepts referred to in text

BITOLA [20] http://ibmi3.mf.uni-lj.si/
bitola/

An interactive literature- based biomedical 
discovery support system. The purpose of 
the system is to help the biomedical 
researchers make new discoveries by 
discovering potentially new relations 
between biomedical concepts in both 
closed and open discovery systems

GLAD4U [21] http://bioinfo.vanderbilt.
edu/glad4u/

The gene retrieval and prioritization tool 
takes advantage of existing resources of 
NCBI to identify genes associated with the 
query and rank candidate genes based 
upon statistical significance between genes 
and the query entity

BioGraph [22] http://biograph.be/ Offers prioritizations of putative disease 
genes, supported by functional hypotheses

PosMed [23] http://biosparql.org/
PosMed/

Ranks biomedical resources such as genes, 
metabolites, diseases, and drugs, based on 
the statistical significance of associations 
between a user-specified phenotypic 
keyword and resources connected directly 
or inferentially through a Semantic Web of 
biological databases

Arrowsmith [24] http://arrowsmith.psych. 
uic.edu

Identifies and prioritizes concepts from two 
literature searches that may be relevant to 
both entities of the searches

Table 1
(continued)
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document  frequency, etc.) of the key terms (e.g., genes, diseases, 
etc.) to discover hidden connections in the biomedical literature 
[31]. These statistics are analyzed together with co-occurrence 
 statistics and intermediate terms that are similar to the query terms 
are identified and prioritized [32]. Box 1 presents some examples 
from published literature where literature-mining-based methods 
have been used successfully to make biomedical discoveries.

Box 1 
Literature-Mining-Based Biomedical Discoveries: Examples and Tools

Molecular triangulation: Bridging linkage and molecular-network infor-
mation for identifying candidate genes in Alzheimer’s disease (AD): 
Mining in 25 scientific journals using GeneWays [33] a literature- derived 
interaction network was generated. A list of 60 known AD candidate genes 
was used as a set of seeds to search subnetworks that might harbor entities 
related to AD [34].

Literature mined gene-interaction network analyses: Starting with a list of 
15 prostate cancer-related genes (seed genes), a disease-specific gene-inter-
action network was built and mined using dependency parsing and support 
vector machine-based approach. The extended list of genes in the gene-
interaction network was then ranked and prioritized according to the 
closeness centrality in the literature- mined network [35].

Semantic networks for pharmacogenomics: Ontology of pharmacogenomics 
(GPx), built from a lexicon of key pharmacogenomics entities and a syntac-
tic parsing of abstracts. The hierarchical structure was then used to system-
atically extract commonly occurring relationships and map them to 
common schemas. The result was a network of 40,000 relationships 
between more than 200 entity types with clear semantics [36].

Drug-drug interactions discovery: This study was based on the hypothesis 
that drug-drug interactions (DDIs) can occur when two drugs interact 
with the same gene product. First, a collection of normalized gene–drug 
relationships was derived through literature mining. Using a training set of 
established DDIs, a random forest classifier was trained to score potential 
DDIs based on the features of the normalized assertions extracted from 
the literature that relate two drugs to a gene product [37].

PhenomeNET: Phenotypes are investigated in model organisms to under-
stand and reveal the molecular mechanisms underlying disease. This study 
applied literature-mining techniques to transform phenotype ontologies 
into a formal representation under the framework of Web Ontology 
Language (OWL). The system compared phenotypes in animal models 
with the phenotypes of human diseases and had revealed causal mutations 
with high accuracy. The system also exhibited potential to rank genes for 
diseases with unknown molecular basis [38].

Discovering hidden connections between drugs, genes and diseases: CoPub 
Discovery is based on the observation of the ABC-principle, where A and 
C have no direct relationship but are connected via B as an intermediate. 
This method extracts concept entities such as genes, diseases, and drugs 
from published literature. An R-scaled score is then calculated based on 
the mutual information measure ranging from 1 to 100 [30].

Integrative Literature and Data Mining to Rank Disease Candidate Genes
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Traditional prioritization approaches for disease gene identification 
based on literature review however can rapidly become overwhelm-
ing. Alternatively, computational integration of different criteria 
can be performed to create a ranking function to identify and rank 
potential disease candidate genes. As outlined in Table 2, several 
gene prioritization methods have been developed to overcome the 
limitations of high-throughput, genome-wide studies like linkage 
analysis and gene expression profiling, both of which typically 
result in the identification of hundreds of potential candidate genes 
[27, 28, 39–47]. While all of these tools are based on the assump-
tion that similar phenotypes are caused by genes with similar or 
related functions [27, 40, 48–50], they differ by the strategy 
adopted in calculating similarity and by the data sources utilized 
[51]. Using an example of recently discovered disease gene, we 
demonstrate here the applicability of integrative literature and het-
erogeneous data-mining-based approaches to identify and priori-
tize disease candidate genes incorporating known disease-gene 
knowledge. Specifically, we describe ToppGene (http://toppgene.
cchmc.org) [27] which facilitates integration of several heteroge-
neous data sources including published literature to perform 
 candidate gene prioritization.

2 Materials

Since the application we present here is Web-based, a computer 
with Internet connection and a compatible Web browser is needed. 
The system we are going to present here (Toppgene: http://toppgene.
cchmc.org) is tested regularly on a number of browsers and operat-
ing systems and does not have any compatibility issues to the best 
of our knowledge. For any “guilt by association” based disease 
gene prioritization approach, a training set (also referred to as 
“seed” set) representing known knowledge in the form of genes 
associated/related to disease of interest is critical.

3 Methods

The methods described here, and the screenshots used to illustrate 
them, are correct for the servers/databases as it were at the time of 
writing (June 2013). From time to time, interfaces and  query/
search options may be developed in response to users’ feedback 
and details may change. For compiling training set genes for dis-
ease, we will use comparative toxicogenomics database (CTD) 
[52] and for ranking the disease genes we will use the Toppgene 
application from the ToppGene Suite [27].

Chao Wu et al.



213

Table 2 
List of some of the bioinformatics approaches and tools to rank human disease candidate genes.  
The first column has the source or the name of the tool (including reference, if available).  
The second column has the URL of the corresponding Web application, when available. If there is no 
Web application, information regarding either the project home page or links to the corresponding 
supplementary material are provided. The third column is the genomic annotation types/features 
used by each of the methods. The last column has details of the training or the input data, if used 
(Note: this list is neither extensive nor exhaustive and we apologize for any oversights. The primary 
purpose of this list is to provide a list of tools as examples). See also Gene Prioritization Portal 
(http://www.esat.kuleuven.be/gpp) which provides detailed information for more than 40 gene 
prioritization tools and helps users in selecting a gene prioritization strategy that suits best  
their needs [63]

Approach Online availability Data types used Training set (input)

Approaches using links between genes and phenotypes

Genes2Diseases  
[64, 65]

http://www.ogic.ca/
projects/g2d_2/

Sequence, GO, 
literature mining

Phenotype
GO terms
Known genes

BITOLA [20] http://www.mf.uni-lj.si/
bitola/

Literature mining Concept

Tiffin et al. [41] Article supplementary data 
available at http://www.
sanbi.ac.za/tiffin_et_al/

Expression, literature 
mining

Disease

GeneSeeker [66, 67] http://www.cmbi.ru.nl/
GeneSeeker/

Expression, phenotype, 
literature mining

N/A

GFINDer [68, 69] http://www.bioinformatics.
polimi.it/GFINDer/

Expression, phenotype N/A

TOM [70] http://www-micrel.deis.
unibo.it/~tom/

Expression, GO Known genes and/
or disease loci

Approaches using functional relatedness between candidate genes

OMIM phenome 
map [71]

http://www.cmbi.ru.nl/
MimMiner/

Phenotype, sequence, 
GO, protein 
interactions

N/A

SUSPECTS [46] http://www.genetics.med.
ed.ac.uk/suspects/

Sequence, expression, 
GO

Known genes

Prioritizer [72] http://www.prioritizer.nl/ Expression, GO, 
protein interactions

Disease loci

Endeavour [28] http://www.esat.kuleuven.
be/endeavour/

Sequence, expression, 
GO, pathways, 
literature mining

Known genes

ToppGene [27] http://toppgene.cchmc.org Mouse phenotype, 
expression, GO, 
pathways, literature 
mining

Known genes

Integrative Literature and Data Mining to Rank Disease Candidate Genes
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The backend knowledgebase of ToppGene consists of 17 gene 
 feature types compiled from different publicly available the public 
domain. These include disease-dependent and disease-independent 
information such as known disease-genes, previous linkage regions, 
association studies, human and mouse phenotypes, known drug- 
targets, and microarray expression results, gene regulatory regions 
(transcription factor target genes and microRNA targets), protein 
domains, protein interactions, pathways, biological processes, lit-
erature co-citations, etc. Each of these sources is used in an inte-
grated manner to prioritize disease candidate genes.

As part of the workflow, a representative profile of the training 
genes (functional enrichment) using 17 different features (as listed 
above) is generated first. From the functional enrichment profile of 
the training genes, over-representative terms are identified. The test 
set genes are then compared to these overrepresented terms for all 
categorical annotations and the average vector for the expression 
values. For each of the test set genes, a similarity score to the training 
profile for each of the 17 features is then derived and summarized 
(17 similarity scores). If a test gene lacks one or more annotations, 
the score is set to −1; otherwise, it is a real value in [0, 1]. For com-
puting similarity measures of categorical (e.g., GO annotations) 
annotations, ToppGene uses a fuzzy-based similarity measure  
(see Popescu et al. [53] for additional details). In case of numeric 
annotations (e.g., microarray expression values), the similarity score 
is calculated as the Pearson correlation of the two expression vectors 
of the two genes. The 17 similarity scores are combined into an 
overall score using statistical meta-analysis and a p-value of each 
annotation of a test gene G is derived by random sampling of the 
whole genome. The p-value of the similarity score Si is defined as:

 
p Si( ) = Count of genes having score higher than G in the random sample

Coount of genes in the random sample containing annotation
.
 

Fisher’s inverse chi-square method, which states that 

−
=

( )∑ ∑2
1

2
2

i

n

i nplog χ  (assuming the pi values come from indepen-

dent tests) is then applied to combine the p-values from multiple 
annotations into an overall p-value. The final similarity score of the 
test gene is then obtained by 1 minus the combined p-value. For 
additional details regarding the development of the ranking 
approach, validation and comparison with other related applica-
tions, readers are referred to previously published studies [27, 47].

To illustrate the use of ToppGene, we will use the disease MCD (mal-
formations of cortical development) and four recently reported patho-
genic mutations in TUBG1, DYNC1H1, KIF2A, and KIF5C [54]. 
The goal is to demonstrate the effectiveness of integrated literature- 
and data-mining-based approaches in ranking novel disease candidate 
genes. The following sections describe the workflow and the results.

3.1 ToppGene: 
Functional 
Annotations- Based 
Candidate Gene 
Ranking

3.2 Identifying  
and Ranking Disease 
Genes for 
Malformations  
of Cortical 
Development (MCD)

Chao Wu et al.
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Some of the resources which are commonly used to compile known 
disease-associated genes are OMIM [55], the Genetic Association 
Database [56], GWAS [57], and the Comparative Toxicogenomics 
Database (CTD) [52]. The latter, i.e., CTD also integrates diseases 
biomarkers derived from literature and specialized database min-
ing. For the current example, we will use CTD to compile the 
training list for MCD.

 1. On the home page of CTD, select “Diseases” from the drop- 
down list under “Keyword Search” and enter “Malformations 
of Cortical Development” and hit “Search” (Fig. 1); this will 
bring you to the corresponding disease entry (Fig. 2).

 2. On the “Malformations of Cortical Development” click either on 
the “Genes” tab (from the navigation bar) or the small helix icon 
following the “Malformations of Cortical Development” (Fig. 2).

3.2.1 Compiling Disease 
Training Set Genes for 
MCD

Fig. 1 The CTD home page (the red box indicates step 1 of Subheading 3.2.1) (Color figure online)

Fig. 2 The CTD results page showing the details of the queried disease

Integrative Literature and Data Mining to Rank Disease Candidate Genes
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 3. This will lead you to a gene–disease relationship table page 
with additional details supporting the relationship along with 
the related references (Fig. 3). The column marked “Direct 
Evidence” (green icon “M”) as the name suggests indicates 
that a gene has a curated association to the disease. Download 
this results table by using any of the “Download” options pres-
ent at the end on the page.

 4. Use all the genes that have “Direct Evidence” (indicated by 
“marker/mechanism”) and “Disease Name” as either 
“Malformations of Cortical Development” or “Microcephaly” 
as a training set for MCD. You can use either gene symbols or 
gene IDs (columns one and two) as input for further analyses. 
There are 34 unique genes related to MCD or microcephaly 
(as on June 2013 in CTD).

 5. Since our goal is to see how computational approaches per-
form in ranking recently discovered novel disease genes, 
remove the four target genes (TUBG1, DYNC1H1, KIF2A, 
and KIF5C) from the training set resulting in 30 MCD genes 
(see MCD Training Set; Supplementary File 1). These four 
genes are from a recently publication (Fig. 4).

Fig. 3 The CTD results page showing the details of the queried disease and its gene associations

Fig. 4 Screenshot of PubMed abstract highlighting four recently reported MCD-associated genes

Chao Wu et al.



217

To the four target genes, add 396 random human genes such that 
the test set is made of 400 genes (see MCD Test Set; Supplementary 
File 1). Alternatively, you can analyze one target gene at a time 
(e.g., one target gene plus 99 random genes). You can also add the 
neighboring genes of the target genes (i.e., genes occurring in the 
same loci as the target genes) instead of random genes. Irrespective 
of how you compile the test set, the goal is to prioritize the test set 
and check whether the target genes are ranked higher.

Now that you have the training and test set genes for MCD ready, 
proceed with the ranking of test set genes (target genes plus ran-
dom genes) using ToppGene [27].

 1. From the ToppGene Suite homepage (http://toppgene.
cchmc.org) click on the second link (“ToppGene: Candidate 
gene prioritization”) (Fig. 5).

 2. On the following page (“ToppGene: Candidate gene prioriti-
zation”), enter either gene symbols or Entrez gene IDs of the 
training and test set genes (30 and 400 genes) respectively in 
this case; (see MCD Training Set, MCD Test Set; Supplementary 
File 1), and click “Submit query” (Figs. 6 and 7).

 3. Select the appropriate statistical parameters. For the “Training 
Parameters” and “Test Parameter” you can use the default 
parameters (i.e., Bonferroni correction and p-value cutoff set 
to 0.05; see “Help” section of ToppGene Suite Web site for 
more details). Under the “Test parameter”, the “random sam-
pling size” option is for selecting the background gene set 
from the genome for computing the p-value while the “Min. 
feature count” represents the number of features that need to 
be considered for prioritization. The default options are 6 % of 
the genome (or 1,500 genes from a total of 25,000 genes) for 
random sampling size and feature count is 2 (Fig. 8).

3.2.2 Compilation of Test 
Set Genes for MCD

3.2.3 Prioritization of 
MCD Disease Candidate 
Genes

Fig. 5 The ToppGene Suite home page
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Fig. 6 The ToppGene entry page for launching gene prioritization

Fig. 7 An example of training and test set genes
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 4. If your gene lists contain alternate symbols or duplicates or 
obsolete symbols, they are ignored or presented with the 
option to resolve them and add them back to your input list. 
Additionally, if there are common genes between training and 
test sets (i.e., test set genes which are also found in training 
set), these will be removed from the test set and no ranks will 
be assigned to them. After selecting the appropriate statistical 
parameters (training and test) click on the “Start prioritiza-
tion” button.

 5. Once the analysis is complete, the first half of the results page 
shows the enrichment results for the training set (Fig. 9).

 6. The prioritized list of test set genes sorted according to their 
ranks based on the p-values are displayed in the lower half 
(Fig. 10). Each column indicates the features used to compute 
similarity between training and test set.

 7. Additional details about the ranked genes can be obtained in 
both graphical and tabular format. For this, select the gene(s) 
you are interested in from the “Rank” column (Fig. 11), and 
click on the “Show Network” link. This will lead to the 
“Common Terms for selected genes and Training Set” page 
where you can see the details as to how a test set gene is con-
nected to training set. The network view can be downloaded as 

Fig. 8 The ToppGene entry page for selecting prioritization parameters
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Fig. 9 Result of prioritization showing the input parameters and partial view of the training set enrichment 
results
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an XGMML file and can be imported into Cytoscape [58] for 
visualization (Fig. 12).

 8. The prioritized list can be downloaded as a table. Of the four 
MCD target genes, 3 of them are ranked at the top while one 
of them (KIF5A) is ranked lower (see ToppGeneRanking Set, 
Supplementary file 1)

Fig. 10 Result of prioritization showing the ranked list of test set genes

Fig. 11 List of top ranked genes for MCD showing three of the four target genes 
ranked among the top

Integrative Literature and Data Mining to Rank Disease Candidate Genes
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4 Notes

 1. Most of the literature-mining systems are based on processing 
PubMed records and therefore are often restricted to abstracts. 
Although ready access to all of the full-text articles is a bottle-
neck, those available in NCBI’s PubMed Central can be used. 
Thus, when selecting a literature-mining approach it is 
 important to consider as to what literature collection is being 
used and whether it is current. Additionally, as with any com-
putational approach, it is always a good strategy to try out 
more than one literature-mining system for a same set of tasks.

 2. The BioNLP.org resource provides useful links to resources 
that can help researchers in their work on natural language 
processing for articles in the biomedical literature.

 3. Candidate gene ranking approaches based on integrated litera-
ture- and data-mining-based functional similarity have the fol-
lowing limitations:
(a) Since the ranking of test set genes is dependent on a train-

ing set, these approaches are based on the assumption that 
novel disease genes yet to be discovered will be consistent 
with what is already known about a disease and/or its 
genetic basis which may not always be true.

(b) Since most of the literature- and data-mining-based sys-
tems rely on publicly available data resources, it is impor-
tant to note that the accuracy of the prioritization depends 
on the accuracy of the original literature-mining or data-
base-derived annotations.

Fig. 12 Browsing details of the top ranked genes. Red boxed genes are target genes and the remaining are the 
training set genes (Color figure online)
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(c) Although it has been speculated that complex traits result 
more often from noncoding regulatory variants than from 
coding sequence variants [59–61], current disease gene 
identification and prioritization approaches predominantly 
are gene-centric. Interpreting the consequences of noncod-
ing sequence variants however is relatively complex because 
the relationships among promoter, intergenic, or noncod-
ing sequence variation, gene expression level, and trait phe-
notype are less well understood than the relationship 
between coding DNA sequence and protein function.

(d) Literature- or data-mining-based candidate gene prioriti-
zation approaches tend to be biased towards well studied 
or better annotated genes. For instance, a novel, “true” 
disease gene can be missed if it lacks sufficient annotations. 
On the whole, in spite of these methods being relatively 
unbiased (except the bias towards training or seed set—see 
Note 3a above) compared to the “cherry-picked” genes of 
interest by researchers, the final selection of candidate 
genes for further experimental analyses could be partly 
subjective and researcher- specific. This is can be mitigated 
to some extent if the disease under investigation is defined 
both molecularly and physiologically.

(e) Finally, different gene prioritization methods use different 
algorithms to integrate, mine, and rank, and objectively, 
there is no one methodology that is better than the others 
for all data inputs [62]. To increase the robustness of pri-
oritization analysis, we recommend using at least three 
algorithmically different ranking approaches.
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Chapter 13

Role of Text Mining in Early Identification of Potential  
Drug Safety Issues

Mei Liu, Yong Hu, and Buzhou Tang

Abstract

Drugs are an important part of today’s medicine, designed to treat, control, and prevent diseases; however, 
besides their therapeutic effects, drugs may also cause adverse effects that range from cosmetic to severe 
morbidity and mortality. To identify these potential drug safety issues early, surveillance must be conducted 
for each drug throughout its life cycle, from drug development to different phases of clinical trials, and 
continued after market approval. A major aim of pharmacovigilance is to identify the potential drug–event 
associations that may be novel in nature, severity, and/or frequency. Currently, the state-of-the-art approach 
for signal detection is through automated procedures by analyzing vast quantities of data for clinical knowl-
edge. There exists a variety of resources for the task, and many of them are textual data that require text 
analytics and natural language processing to derive high-quality information. This chapter focuses on the 
utilization of text mining techniques in identifying potential safety issues of drugs from textual sources such 
as biomedical literature, consumer posts in social media, and narrative electronic medical records.

Key words Text mining, Data mining, Natural language processing, Biomedical literature mining, 
Pharmacovigilance, Drug safety surveillance, Adverse drug reaction, Drug–drug interactions

1 Introduction

Clinical benefits of drugs depend on not only their efficacy in treating 
diseases but also their safety and tolerability in patients. Thus, use 
of drugs in medicine must balance between expected benefits and 
possible risks of adverse effects. Each drug carries its own risks for 
causing adverse drug reactions (ADRs), which are defined as those 
unintended and undesired responses to drugs beyond their antici-
pated therapeutic effects during clinical use at normal dosage [1, 2]. 
This excludes the adverse events arising from prescription faults 
and errors. Some ADRs may be minor, but others can have dire 
consequences leading to hospitalization and even death. As the 
population use of prescription drugs increases, ADRs have evolved 
to become a major public health problem accounting for up to 5 % 
of hospital admissions [2], 28 % of emergency  department visits 
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[3], and 5 % of hospital deaths [4]. Over the past decade, both 
numbers of reported ADRs and related deaths have increased by 
~2.6 times [5]. ADR is estimated to account for more than two 
million hospitalization incidents per year and more than 100,000 
fatalities in the United States alone [6, 7].

Unfortunately, it is a challenge to identify ADRs before their 
widespread dissemination due to the short and biased nature of the 
pre-marketing drug trials [8]. In addition, many drugs have “off- 
label” usages; sometimes they are taken at a higher dose than rec-
ommended, for untested indications and populations. In short, 
severe ADRs may occur whenever prescribing patterns diverge 
from those used in pre-marketing trials. Therefore, for a good rea-
son, it is crucial to monitor the drugs for their effectiveness and 
safety throughout their life cycles.

Pharmacovigilance (PhV) has been defined by the World Health 
Organization (WHO) as “the science and activities relating to the 
detection, assessment, understanding and prevention of adverse 
effects or any other possible drug-related problems [9].” The prin-
cipal aims of PhV programs are:

 ● To improve patient care and safety regarding the use of medi-
cines and all medical and paramedical interventions.

 ● To improve public health and safety regarding the use of 
medicines.

 ● To assess the benefit, harm, effectiveness, and risk of 
medicines.

 ● To promote the awareness of PhV and its communication to 
healthcare professionals.

PhV research attempts to address the ADR problem from two 
perspectives: (1) pre-marketing surveillance—utilization of infor-
mation collected from preclinical screening and phases I–III clini-
cal trials to predict potential ADRs [10–22] and (2) post-marketing 
surveillance—utilization of data accumulated in the post-approval 
stage and throughout a drug’s market life to detect previously 
unrecognized ADRs [23–48]. Existing PhV effort is heavily 
invested in the identification of unrecognized ADRs and drug–
drug interactions (DDIs). DDI is a particularly important type of 
ADR that involves a combination of drugs causing consequences 
from diminished therapeutic effect to excessive response or toxicity 
as a result of pharmacokinetic, pharmacodynamic, or a combina-
tion of the mechanisms [49]. In other words, actions of one drug 
can be inhibited by another, resulting in reduced response to one 
or both drugs. On the other hand, one drug may alter the absorp-
tion, distribution, metabolism, or elimination of another drug, 
which may result in higher serum concentration of the agents and 
lead to excessive response or toxicity.

1.2 An Overview 
of PhV
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Recent progress in the medical research and the advancement in 
healthcare technologies (e.g., emergence of EMR systems) have 
generated enormous amount of medical data that exists in many 
forms including images from diagnostic procedures (e.g., X-ray), 
textual information described in research articles, or clinical observa-
tions from patient’s medical records. Among these various forms of 
medical data, free-text descriptions constitute a substantial portion 
of it because the most common and natural way to express complex 
assumptions, interpretations of findings, and hypotheses is through 
natural language. Especially in the medical domain, a large portion 
of the patient’s observations are documented as narrative text in 
clinical notes such as radiology reports, operative notes, and dis-
charge summaries. According to Hale [50], only a small proportion 
of the information is available in the structured form, whereas 
approximately 80 % of the information is unstructured and expressed 
in natural language, which includes patient health records, EMRs, 
medical case reports, research articles, patents, blogs, forums, and 
news reports [51, 52]. Currently, there are over 19 million biomed-
icine-related articles indexed in MEDLINE and the amount of cita-
tions added to MEDLINE each fiscal year is rapidly increasing (from 
392,354 new citations in 1995 to 760,903 new citations in 2012). 
Clearly, this is far too much for a researcher to keep up with manu-
ally. Thus, text mining is the critical approach to enable the identifi-
cation of novel facts, hypotheses, and new associations from the vast 
quantities of free- text data. Since many of the complex relationships 
between drugs and adverse events are embedded in this mountain of 
free-text data, text mining techniques can be utilized to identify 
drug–adverse event or drug–drug interaction associations.

2 Materials

Before addressing the specific methodological issues, we provide 
an overview of the available data resources for text mining to sup-
port drug safety surveillance (Subheading 2.1), standard biomedi-
cal vocabularies (Subheading 2.2), common text processing 
techniques (Subheading 2.3), and information extraction tools to 
enable the identification of drug named entities and adverse events 
in free text (Subheading 2.4).

In both text mining and data mining, source of data is the key for 
a reliable result. Each data source may carry inherent biases because 
of the purpose for which they are created. The problem of identify-
ing drug safety issues like ADRs and DDIs can be addressed using 
each of the following free-text sources.

 ● Biomedical Literature—There are now over 19 million journal 
articles with a concentration on biomedicine indexed in 
MEDLINE, a bibliographic database by the US National 

1.3 The Need  
for Text Mining

2.1 Sources of 
Textural Data for Drug 
Safety Surveillance
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Library of Medicine (NLM). It mainly consists of articles 
 published from 1946 to the present and citations from approx-
imately 5,600 worldwide journals in 39 languages. MEDLINE 
covers the subject scope of biomedicine and health, broadly 
defined as encompassing the areas of life sciences, behavioral 
sciences, chemical sciences, and bioengineering needed by 
health professionals and those engaged in basic research and 
clinical care, public health, health policy development, or 
related educational activities. MEDLINE is the primary com-
ponent of PubMed (http://pubmed.gov) through which 
 articles can be searched and free full text is often available for 
download.

 ● EMRs—EMR systems are mainly implemented to assist physi-
cians in their daily practices by collecting health information 
about individual patients. EMRs usually include demograph-
ics, medical history, medication and allergies, immunization 
status, laboratory test results, radiology images, vital signs, per-
sonal statistics like age and weight, and billing information. 
When aggregated, EMR is a prominent resource for analyzing 
therapeutic outcomes across patient populations. Clinical data 
in EMR are highly heterogeneous, and their heterogeneity 
includes variation in both structured (e.g., laboratory test) and 
unstructured data (e.g., clinical notes). Much relevant clinical 
information such as drug exposure and responses is embedded 
in the narrative clinical text and requires NLP techniques to 
extract information for analysis.

 ● Social Media—Social network has become a popular means for 
interactions among people to create and share information. 
Recent changes in the healthcare system along with the rapid 
development of the Internet have resulted in many online 
health communities that provide a platform for patients to seek 
healthcare information and offer support to others in similar 
circumstances. Within these online health communities, users 
often discuss about their medical conditions, medications they 
take, and any side effects they may experience and user interac-
tions can take a variety of forms including blogs, microblogs, 
and question/answer discussion forums. There are also sites 
specifically designed to collect drug side effect information and 
medicine ratings from consumers (e.g., Ask a Patient), while 
others can provide more options to patients. In short, the 
social media has created a rich textual data source for mining 
potential ADRs. Some of the popular health social media sites 
include PatientsLikeMe, MedHelp, DailyStrength, Ask a 
Patient, Yahoo Health and Wellness group, and iMedx.

 ● Other Free-Text Documents—ADR information may also 
exist in free-text documents such as approved drug labels 
regulated by the Food and Drug Administration (FDA) and 
pharmacological text in DrugBank. The side effect information 
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in drug labels or package inserts is typically obtained from 
clinical trials and post-marketing surveillance, so it is perfect 
for studying drug toxicity. DrugBank is an annotated data-
base with more than 6,700 drug entries, and each entry con-
tains more than 100 data fields that contain detailed chemical 
and pharmacological information (e.g., type, category, brand 
names, drug interactions) [53, 54]. Studies have recently 
explored the plain text under the field “interactions” in the 
DrugBank database to identify DDIs [55, 56].

It is a challenge to extract information from biomedical free text 
because people use different vocabularies and expressions to 
describe the same health concepts. Many standard medical termi-
nologies are developed to address this issue. However one stan-
dard medical terminology may not be applicable to all forms of 
text. For instance, the standard medical lexicon United Medical 
Language System (UMLS) consists of ontologies primarily 
designed for medical professionals, and it may not be the best lexi-
con for social media data because consumers express problems in a 
completely different way than the professionals. Table 1 summa-
rizes the various terminologies to support concept mapping for 
text mining in drug safety surveillance.

2.2 Drug and Clinical 
Terminologies

Table 1 
Standard terminologies for text mining in drug safety surveillance

Terminology Description Corpus

ATC Organizes drugs based on their pharmacotherapeutic properties Drug

RxNorm Normalized naming system for generic and branded drugs Drug

NDF-RT Organizes drugs into a formal representation Drug

COSTART Subset of UMLS for coding symbols for a thesaurus of adverse 
reaction terms

ADR

CHV Health expressions derived from consumer comments linked to 
professional concepts. More appropriate for social media

ADR

ICD-9 Classification of diseases used to code diagnoses for billing ADR

MedDRA ADR classification dictionary used by regulatory authorities ADR

MeSH Controlled vocabulary thesaurus for indexing articles for PubMed ADR

NCBO BioPortal Open repository of over 250 biomedical ontologies ADR

NCI Thesaurus Covers vocabulary for clinical care, translational and basic 
research, and public information and administrative activities

ADR

SNOMED-CT Core general terminology for EMR encoding ADR

UMLS Collection of biomedical vocabularies to enable interoperability 
between computer systems

ADR
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In order for a computer to handle textual data, we need to first 
transform the unstructured data into some structures, which 
requires text processing with NLP that may involve the following 
frequently applied techniques (Fig. 1).

 ● Sentence splitting is to decompose a document into constitu-
tive sentences. Sentence is the smallest unit of natural language 
to express a complete thought. However, detection of  sentence 
boundaries is not trivial because the punctuation “.” does not 
always occur at the end of sentences. Especially in biomedical 
text, they are full of entities and abbreviations with punctua-
tions as part of their standard nomenclature (e.g., E. coli). 
Thus, accurate detection of sentence boundaries is an essential 
component of information extraction systems.

 ● Tokenization is to segment a stream of text into words or terms. 
It can be performed over sentences or full documents. The 
tokenization process normally depends on simple heuristics such 
as separation of tokens on whitespaces and punctuations [57].

2.3 Text Processing 
with NLP

Fig. 1 Overview of the text processing techniques: (1) Sentence splitting, (2) tokenization/normalization, 
(3) POS tagging, and (4) parsing. The parse trees were generated using the Stanford Parser

Document:

Sentences Splitting:

Tokenization / Normalization:

POS Tagging:

Parse Tree #1: Parse Tree #2: Parse Tree #3:

3. He is advised to stop Vioxx and switch to another medication.

3. He / is / advised / to / stop / Vioxx / and / switch / to / another / medication.

3. He/PRP is/VBZ advised/VBN to/TO stop/VB Vioxx/NNP and/CC switch/VB to/TO another/DT medication/NN ./.

2. He has developed abdominal pain and chest pain.

2. He / has / developed / abdominal / pain / and / chest / pain.

1. Patient has been taking Vioxx for osteoarthritis.

1. Patient / has / been / taking / Vioxx / for / osteoarthritis.

2. He/PRP has/VBZ developed/VBN abdominal/JJ pain/NN ./.
1. Patient/NNP has/VBZ been/VBN taking/VBG Vioxx/NNP for/IN osteoarthritis/NNS ./.

(ROOT (S (NP (NNP Patient)) (VP (VBZ
has) (VP (VBN been) (VP (VBG taking)
(NP (NP (NNP Vioxx)) (PP (IN for) (NP
(NNS osteoarthritis))))))) (. .)))

(ROOT (S (NP (PRP He)) (VP
(VBZ has) (VP (VBN
developed) (NP (JJ abdominal)
(NN pain)))) (. .)))

(ROOT (S (NP (PRP He)) (VP (VBZ is) (VP (VBN
advised) (S (VP (TO to) (VP (VP (VB stop) (NP (NNP
Vioxx))) (CC and) (VP (VB switch) (PP (TO to) (NP
(DT another) (NN medication))))))))) (. .)))

Patient has been taking Vioxx for osteoarthritis.
He has developed abdominal pain and chest
pain. He is advised to stop Vioxx and switch to
another medication.
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 ● Word normalization is to reduce inflected words to their 
base forms, which can be performed through stemming or 
lemmatization. Stemming is a process that reduces words 
into their stems, for example, reduce “increasing” to 
“increase.” Popular programs that perform stemming 
include Porter stemmer [58] and Snowball stemmer [59]. 
Lemmatization, on the other hand, is to reduce words into 
their lemmas, for example, reduce “increasing” to “increase.” 
Lemmatization requires the understanding of the context 
the word appears in a sentence. Examples of lemmatization 
programs for English include MorphAdorner [60] and 
Dilemma-2 [61].

 ● Part-of-speech (POS) tagging is to assign words in a sentence 
with respective POS according to the grammatical context of 
the word in the sentence (i.e., nouns, verbs, adverbs). A word 
may have multiple POS depending on the context of its appear-
ance. For example, the word “book” appears as a verb in the 
phrase “book a ticket” whereas it appears as a noun in “read a 
book.” POS tagging is very important for the analysis of rela-
tions between words. Some specialized taggers optimized for 
the biomedical domain include the MedPost [62], the dTag-
ger [63], and the Genia tagger [64].

 ● Parsing is a process to understand the grammatical structure of 
a sentence. It is most often performed over sentences rather 
than whole documents. A parser typically tokenizes a sentence 
into words first, then performs POS tagging, and finally gener-
ates a tree structure with words as nodes and edges connecting 
the interrelated words. Several parsers are available, and some 
have been successfully applied to biomedical text such as the 
Stanford parser [65], the McCloskey parser [66], and the 
Carnegie-Mellon Link Grammar parser [67].

After identifying an appropriate source of data to address the 
research question, the next step to perform text mining is informa-
tion extraction. Information extraction from narrative text is not a 
straightforward task because words often have more than one 
meaning (homonyms) and more than one word can be used to 
express the same meaning (synonyms). Also, natural language is 
very flexible and evolves rapidly. Especially, patient observations in 
EMRs are often expressed as fragmented, unstructured, and 
ungrammatical text, which makes the task more challenging. The 
informatics community has thus invested a lot of effort in develop-
ing methods that can abstract relevant information from the free 
text using NLP techniques. Following are some information 
extraction tools developed specifically for the biomedical domain 
that can be used to identify entities required for drug safety surveil-
lance (i.e., drug entities and clinical event concepts).

2.4 Biomedical 
Information Extraction 
Tools
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 ● clinical Text Analysis and Knowledge Extraction System 
(cTAKES) is an open-source NLP platform for information 
extraction from clinical text developed by Mayo Clinic as a part 
of Open Health Natural Language Processing (OHNLP) con-
sortium [68, 69]. It builds on the IBM’s Unstructured 
Information Management Architecture (UIMA) framework 
[70]. cTAKES contains several components: sentence splitter, 
tokenizer, POS tagger, shallow parser, and named entity rec-
ognizer. Each of the cTAKES components is specifically trained 
to handle medical text. Their named entity recognizer is based 
on dictionary lookup from UMLS, and it can handle negations 
and status of named entities. The negation recognizer is imple-
mented through the NegEx algorithm [71], and the status 
annotator uses regular expressions to determine whether the 
named entity occurs as a history, current, or a family event.

 ● KnowledgeMap is another tool implemented to identify UMLS 
concepts in biomedical documents, and it employs rigorous 
NLP techniques and document- and context-based disambig-
uation methods [72, 73]. KnowledgeMap was originally cre-
ated to provide curriculum management tools for students and 
faculty [74], which has been successfully exported to six other 
institutions [75]. KnowledgeMap was also successfully applied 
to map UMLS concepts from electrocardiogram (ECG) 
impressions [76] and used to identify QT prolongation, an 
important risk factor for sudden cardiac death [77].

 ● Medical Language Extraction and Encoding (MedLEE) system 
is a comprehensive clinical NLP system to extract, structure, 
and encode clinical information in free-text patient reports 
[78]. MedLEE has been shown to be as accurate as physicians 
at extracting clinical concepts from chest radiology reports 
[79, 80]. It was later extended to many other types of clinical 
documents, such as mammography [81] and discharge sum-
maries [82], and showed effective performance as well.

 ● MetaMap is an open-source and highly configurable program 
developed at the NLM to discover UMLS concepts referenced 
in biomedical text [83]. Given a text, MetaMap first parses the 
text into simple noun phrases using a shallow parser called 
SPECIALIST and then generates all variants of each phrase 
(i.e., synonyms, abbreviations, derivational variants, inflec-
tions, spelling variants) using a lexicon and databases of syn-
onyms. Finally, UMLS concepts containing at least one of the 
variants are evaluated against the original input text by calcu-
lating the mapping strength using a function based on linguis-
tic principles.

 ● Semantic Representation (SemRep) is a tool developed by NLM 
to identify UMLS concepts and relationships in any arbitrary 
text. It utilizes MetaMap to find the semantic concepts first 

2.4.1 Clinical Concept 
Extraction System
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and then uses a rule-based approach to determine the 
 relationships between concepts occurring within a sentence. 
SemRep can handle any free-text data including abstracts, full 
texts, and medical records.

 ● SNOMED categorizer (SNOcat) is a tool to identify 
SNOMED-CT concepts in biomedical texts [84]. It allows 
online submission of textual query such as abstracts, full-text 
articles, or medical reports and returns a ranked list of possi-
ble matches to the SNOMED concepts within the docu-
ments. SNOcat achieves the task through regular 
expression-based pattern matching of terms, vector space 
indexing and retrieval engine, and tf-idf weighting schema 
with cosine normalization.

 ● MedEx is a medication extraction system that can identify 
 medication names and corresponding signature information 
such as dosage, route, administration frequency, and duration 
from clinical narratives [85]. It consists of a semantic tagger 
and a context-free grammar parser that parses medication sen-
tences using a semantic grammar. MedEx starts extraction  
by preprocessing records into sentences, then tagging each 
sentence to identify drug names with the RxNorm lexicon, and 
finally linking the drug names to their respective signatures 
with a rule- based parser.

 ● Medication Extraction and Reconciliation Knowledge 
Instrument (MERKI) is another open-source parser, similar to 
MedEx, for the extraction of medication information from 
medical text that can recognize drug names and signature 
information like dose, frequency, strength, and duration [86]. 
It was developed on discharge summaries and relies on parsing 
rules as a set of regular expressions.

 ● ProMiner is a rule-based extraction tool developed to identify 
protein and gene entities in biomedical text and is able to associ-
ate database identifiers to the extracted terms [87]. It can recog-
nize biological, medical, and chemical named entities and their 
synonyms and spelling variants in text. ProMiner has shown 
competitive results for the extraction of gene and protein names 
during the 2004 and 2006 BioCreative open- assessment chal-
lenges. It has also been successfully applied to patents, medical 
reports, and various forms of free-text literature.

 ● Textractor is a hybrid medication information extraction sys-
tem developed for the “2009 Center of Informatics for 
Integrating Biology and the Bedside (i2b2) medication extrac-
tion challenge” [88]. Textractor is based on the UMIA frame-
work, and some of its modules employ machine learning 
algorithms while others use regular expressions, rules, and dic-
tionaries. The system was among the ten best performing sys-
tems in the challenge.

2.4.2 Medication Entity 
Extraction System
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3 Methods

The primary goal of text mining is to mine knowledge hidden in 
unstructured text, which generally involves five major activities 
described below (Fig. 2):

 ● Data acquisition to gather relevant text.
 ● Data extraction to extract specific information from the text of 

interest.
 ● Data selection to eliminate irrelevant ones to the problem of 

interest.
 ● Data analysis to find associations among information extracted 

from text.
 ● Evaluation to assess the system in identifying accurate 

associations.

Subheadings 3.1–3.4 provide details on data acquisition, 
extraction, selection, and analysis in the context of drug safety sur-
veillance. Subheading 3.5 describes some commonly used datasets 
and performance measures for quantitative evaluations.

As described above in Subheading 2, various sources of text are 
available for drug safety surveillance. Here we discuss briefly on 
where and how each source of data can be gathered.

 ● Biomedical Literature—Most references to biomedical publi-
cations are indexed by MEDLINE. The MEDLINE database 
can be searched using Boolean expressions through the pop-
ular biomedical search engine PubMed (http://pubmed.gov). 

3.1 Data Acquisition

Fig. 2 Overview of the text mining process for the identification of ADRs: (1) Data acquisition, (2) data extrac-
tion, (3) data selection, (4) data analysis, and (5) evaluation

Web Crawler

Step 1: Data Acquisition Step 2: Data Extraction Step 3: Data Selection Step 5: Evaluation

Step 4: Data Analysis

NER and Context
Disambiguation

MEDLINE Online
Forum

EMR Biomedical
Terminology

De-identification
Text Processing:

Data Filtering:

Identify Drug-ADR
Relations Quantitative

Evaluation

ADR
Knowledgebase

Textual
Documents
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A researcher can obtain large clusters of abstracts containing 
specified keywords.

 ● EMRs—Patient medical records are usually collected and main-
tained by hospitals, clinics, or healthcare organizations; thus, its 
accessibility is mostly limited to people who are affiliated or 
collaborating with those organizations. Under all circum-
stances, the use of EMR data for research requires de-identifi-
cation of the patients and must comply with the HIPAA privacy 
and security rule. Any study that uses EMR data is also subject 
to Institutional Review Board (IRB) approval.

 ● Social Media Posts—In common online communities, people 
often discuss with each other in the form of “threads” in 
which each thread is composed of an original post followed 
by a series of comments focusing on the same topic. Some of 
the popular health-related social network sites include 
PatientsLikeMe, MedHelp, DailyStrength, Ask a Patient, 
Yahoo Health and Wellness group, and iMedx. In order to 
gather posts and comments from these online communities, 
one may implement a web crawler to download pages. Since 
each site may be structured differently, the crawler oftentimes 
has to be customized. After downloading the pages, it is nec-
essary to clean the data because a large portion of the text on 
a webpage is not related to the users’ posts such as header, 
footer, navigation bar, and Javascript for the page. Finally, in 
order to protect patient privacy, it is a good practice to remove 
identifiers such as e-mail addresses, phone numbers, URLs, 
social and security numbers. To note, all data gathered must 
be in accordance with the site’s Privacy Policy and Terms of 
Service and data generally should not be made publicly avail-
able without permission.

 ● Other Text—Here it mainly refers to the drug product labels 
and plain text descriptions in the DrugBank database. Most 
FDA-approved prescription drug labels can be obtained from 
DailyMed (http://dailymed.nlm.nih.gov/dailymed/). Plain 
text documents in the DrugBank database can be automati-
cally downloaded using a web crawler.

To mine associations between drugs and adverse events from free 
text, it is crucial to find the named entities first such as drugs, diagno-
ses, and diseases. This task is commonly called Named Entity 
Recognition (NER). Text mining for drug safety surveillance typi-
cally starts with NER followed by normalization of the recognized 
entities and then mapping them to concepts in a biomedical ontology 
(e.g., UMLS, SNOMED). NER in biomedicine is not trivial because 
many named entities are ambiguous, synonyms (different terms 
describing similar condition), homonyms (same spelling but different 
meaning), abbreviations, and many more. Current approaches for 

3.2 Data Extraction

3.2.1 Identification of 
Biomedical Named Entities
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NER in biomedical text can be divided into dictionary based, rule 
based, and machine learning based.

 ● Dictionary-based NER relies on the existing dictionaries to 
identify named entities in free text. The dictionaries are typi-
cally derived from standard terminological resources. 
Dictionary lookup is usually based on string matching or string 
similarity algorithms. Performance of dictionary-based NER 
depends on how comprehensive the underlying terminological 
resource is. There are several successful information extraction 
systems that perform dictionary-based NER. For instance, 
both MedLEE and cTAKES perform dictionary-based NER 
and can accurately identify and encode patient-related infor-
mation such as diagnoses, diseases, and treatments.

 ● Rule-based NER utilizes manually curated rules to identify 
named entities in free text [89]. The rules generally describe 
term formation patterns using grammatical (e.g., POS), syn-
tactic (e.g., word precedence), lexical, morphological, and 
orthographic features (e.g., capitalization). The rule-based 
NER systems often rely on combinations of regular expres-
sions, heuristics, and rules designed by domain experts. Because 
of the dependence on expert knowledge, this type of NER sys-
tem lacks scalability and adaptability to other domains.

 ● Machine learning-based NER applies different learning algo-
rithms to train models to recognize and extract named entities 
in text. Although machine learning-based approach can easily 
adapt to new domains, it requires manually annotated corpora 
to train the models. The power of machine learning models 
depends on the discriminative power of the textual features 
utilized as well as the algorithm [90]. Conditional Random 
Fields (CRF) is one of the most commonly applied machine 
learning techniques for biomedical NER and has demonstrated 
good results in medical entity recognition [91–93].

Sometimes accurate identification of named entities in free text 
requires additional processing such as disambiguation. 
Disambiguation of medical entities can be in the form of entity 
disambiguation to solve the homonym problems or assertion clas-
sification to determine the opinion made over the entity.

 ● Entity disambiguation is also known as word sense disambigua-
tion. It is a process of determining the appropriate sense of a 
named entity when it is associated with multiple meanings (i.e., 
homonym). For example, “cold” may occur in a patient’s medi-
cal history as a disease denoting “the common cold” or a symp-
tom “patient feels cold.” Many approaches have been developed 
to address the word sense disambiguation problem [94–96].

3.2.2 Context 
Disambiguation
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 ● Assertion classification is important in the medical domain 
because simple occurrence of a medical entity is not sufficient 
to conclude that the patient has the medical condition. 
Physicians often mention medical problems in clinical notes 
that are present, absent, or hypothetical. For example, in the 
sentence “patient does not have colon cancer,” the medical 
entity “colon cancer” is absent, whereas in the sentence 
“patient’s problem is likely to be due to hypertension,” “hyper-
tension” is present. Assertion classification was part of the 
2010 i2b2 NLP challenge, and 21 systems were developed for 
the task [97]. Results showed that machine learning algorithms 
can be combined with rule-based systems to accurately deter-
mine assertions.

Accurate information extraction is the key to optimize the perfor-
mance of the next step, data analysis. Sometimes data filtering is 
necessary to eliminate irrelevant information based on knowledge 
in the application domain. For instance, one may want to limit the 
extracted clinical entities to certain semantic classes to maximize 
the likelihood of retrieving correct concepts. Using drug safety 
surveillance as an example, to ensure that extracted entities are 
possible ADRs, it may be necessary to select entities from the fol-
lowing UMLS semantic classes: finding, disease or symptom, men-
tal or behavioral dysfunction, sign or symptom, and neoplastic 
process. Filtering is also needed to eliminate entities that are nega-
tive, past, or family history events. For example, when extracting 
patient clinical information from EMRs, it is desirable to exclude 
all medical concepts from the “past history” section of the notes as 
it indicates past rather than present conditions. Similarly, medica-
tion mentions may also be filtered to eliminate medications not 
given at the present time. Effective filtering techniques have been 
demonstrated to yield better results for mining drug–ADR associa-
tions from narrative EMRs [34, 37, 98]. Since EMRs vary across 
institutions, expert knowledge is essential to determine the most 
appropriate filtering criteria.

After extracting the named entities of interest (i.e., drugs and clini-
cal events) from free text, the next step is data analysis to discover 
the relationships or the associations between the entities. There are 
many organized challenges to investigate relationship extraction 
from free text. For instance, the 2010 BioCreative challenge 
focused on the identification of biological relationships such as 
protein–protein interactions [99]. For medical relationship extrac-
tion, the 2010 i2b2 NLP challenge asked participants to extract 
relations between three classes of medical concepts (i.e., problem, 
treatment, and test) [97]. More recently, the 2011 DDIExtraction 
challenge focused on the extraction of DDIs from free text [100]. 

3.3 Data Selection

3.4 Data Analysis
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In general, for drug safety surveillance using free text, the 
 relationships between drugs and clinical events can be either 
derived based on semantic patterns or mined using statistical 
and machine learning methods.

Many drug–ADR relationship detection methods are based on 
semantic patterns, more specifically, using patterns or rules to 
match the drug name and ADR mention in text. For instance, 
Leaman et al. [36] implemented a filter to exclude irrelevant ADR 
events extracted from the user posts on DailyStrength based on the 
closest verb to the left of the ADR mention, achieving a result of 
0.78 precision, 0.70 recall, and 0.74 F-score. Sohn et al. [42] man-
ually developed rules by examining the keywords and expression 
patterns of ADRs in clinical notes to identify drug–ADR relation-
ships. Their rule-based system produced F-score of 0.80. Karimi 
et al. [101] proposed to find patterns of ADR reporting using both 
heuristics and automatically extracted rules from online posts. 
Haerian et al. [98] identified ADR-related events from EMRs by 
combining NLP and expert-generated knowledge source. 
Furthermore, Segura-Bedmar et al. [55, 56] used a set of linguistic 
rules to extract DDIs from pharmacological documents with a rea-
sonable 0.67 precision and a low 0.14 recall. Tari et al. [102] iden-
tified DDIs by representing the general knowledge of drug 
metabolism and interactions in the form of logic rules.

The ADR problem can also be treated as finding associations 
between a drug and an adverse event based on co-occurrence of 
the two in text documents. In this case, statistic-based methods are 
widely used to detect associations between the drug and ADR 
entities.

One of the most extensively investigated statistic-based 
approaches for ADR detection is disproportionality analysis that 
involves frequency analyses of contingency tables to quantify the 
degree to which a drug and ADR co-occur “disproportionally” 
compared with what would be expected if there were no associa-
tion. For instance, Shetty and Dalal [41] compared the observed 
number of drug–ADR literature citations with the expected count 
under the null hypothesis that the drug and ADR are independent. 
LePendu et al. [103] developed an annotation tool for clinical text 
and examined the resulting annotations by computing the risks of 
myocardial infarction for patients with rheumatoid arthritis that 
take Vioxx using odds ratio. Vilar et al. [104] calculated the odds 
ratio to measure statistical associations between drugs and the 
event pancreatitis in EMRs. LePendu et al. [105] proposed a novel 
framework for annotating the unstructured clinical notes and used 
the free-text derived features to detect drug–ADR associations and 
DDIs by calculating odds ratio. Moreover, Leeper et al. [106] 
 analyzed EMRs to identify drug–ADR associations using odds ratio. 

3.4.1 Rule-Based 
Drug–ADR Detection

3.4.2 Statistic-Based 
Drug–ADR Detection
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Duke et al. [107] used literature to screen for potential DDIs 
based on mechanistic properties followed by EMR-based valida-
tion to identify clinically important DDIs that synergistically 
increase the risk of myopathy by calculating their relative risks. 
Gurulingappa et al. [108] applied Multi-item Gamma Poisson 
Shrinkage (MGPS) method for drug–ADR signal detection from 
text and open-source data and used the detected signals to predict 
drug label changes. In three separate studies, Wang et al. used 
MedLEE to identify medication and ADR entities from narrative 
discharge summaries in EMRs and calculated χ2 statistic [34, 37] 
and mutual information [33] to detect associations between the 
entities. Benton et al. [109] identified drug–ADR pairs from medi-
cal message boards by calculating the one-tailed Fisher’s exact 
value. Last but not least, Henriksson et al. [110] calculated distri-
butional similarities for drug–symptom pairs based on co- 
occurrence information in EMRs.

Other studies have utilized classic data mining algorithms such 
as association rule mining and regression to identify drug–ADR 
pairs. Yang et al. [111] applied association mining and propor-
tional reporting ratios to identify the associations between drug 
and ADR from user posts in social media. Nikfarjam and Gonzalez 
[112] applied association rule mining to extract the underlying 
expression patterns about ADRs from user reviews on drugs, which 
achieved 0.70 precision, 0.66 recall, and 0.68 F-score. Wang et al. 
[113] proposed to determine the relationship between a drug and 
ADR event based on PubMed citations using logistic regression. 
Liu et al. [114] analyzed the statistical enrichment of the drug–
ADR co-occurrences extracted from clinical notes with local 
regression models.

Drug–ADR relationship extraction can also be formulated as a 
learning task. More specifically, given a sentence with mentions of 
a drug and clinical event, we want to determine whether associa-
tion exists between the drug and event based on the feature vectors 
generated from the surrounding words or the sentence. All classic 
machine learning and data mining algorithms are applicable here.

Chee et al. [38] explored ensemble learning, a common 
machine learning technique utilizing multiple classifiers, to identify 
drug–ADR pairs from online health forums. Bisgin et al. [115] 
applied the latent Dirichlet allocation (LDA) algorithm to the 
FDA drug labels to discover topics that group drugs together with 
similar safety concerns. Yang et al. [116] compared different 
machine learning algorithms, Naïve Bayes, Decision Tree, and sup-
port vector machine (SVM), for ADR detection using letters to the 
editor. Gurulingappa et al. [117, 118] applied the maximum 
entropy classifier to identify drug-related ADR events from medi-
cal case reports, and this resulted in 0.70 F-score.

3.4.3 Machine Learning- 
Based Drug–ADR Detection
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Bjorne et al. [119] applied the SVM and regularized 
 least- squares (RLS) classifiers to extract interaction relations for 
drug mention pairs found in biomedical texts. Their system 
achieved a performance of 0.63 F-score. Thomas et al. [120] built 
an ensemble of contrasting machine learning classifiers to extract 
DDIs through majority voting. The best single classifier achieved 
0.57 F-score, and the best ensemble achieved 0.61 F-score. 
Segura- Bedmar et al. [121] proposed a shallow linguistic kernel 
for DDI extraction and achieved a precision of 0.51, a recall of 
0.73, and an F-score of 0.60. Zhang et al. [122] proposed a single 
kernel-based approach to extract DDIs from biomedical litera-
ture. Percha et al. [123] inferred DDIs by training a random for-
est classifier to score potential DDIs based on the assertions 
extracted from literature that relate two drugs to a gene product. 
Kolchinsky et al. [124] evaluated six classifiers (variable trigono-
metric threshold classifier, SVM, logistic regression, Naïve Bayes, 
linear discriminant analysis, diagonal version of LDA) for the 
identification of pharmacokinetic DDIs using PubMed abstracts. 
Boyce et al. [125] also evaluated different machine learning algo-
rithms for their ability to identify pharmacokinetic DDIs but from 
package inserts rather than literature. In their experiment, SVM 
performed the best with an F-score of 0.86. He et al. [126] com-
bined feature-based, graph, and tree kernels to extract DDIs from 
literature and achieved an F-score of 0.69.

Over the years, organized NLP extraction challenges have made 
available valuable annotated datasets for training and testing extrac-
tion systems, which include the following.

 ● DDIExtraction Challenge aims to stimulate research in the 
automatic extraction of DDIs from free text. The challenge has 
created the DrugDDI, a benchmark corpus to study the phe-
nomenon of interactions among drugs. DrugDDI contains 
3,160 annotated DDIs at the sentence level by a researcher 
with pharmaceutical background. Only sentences with two or 
more drug mentions were annotated in the corpus. The corpus 
contains 5,806 sentences with average 10.3 sentences per doc-
ument, and 2,044 sentences contain at least one interaction.

 ● i2b2 NLP Challenge aims to enhance the ability of NLP tools 
to extract more fine-rained information from clinical records 
by providing sets of fully de-identified notes from the Research 
Patient Data Repository at Partners HealthCare. Approximately 
1,500 notes have been released from the first four i2b2 NLP 
challenges. To access the notes, researchers will need to regis-
ter and an expedited review of the request will be conducted; 
if accepted, the requester will need to sign a standard Data Use 
Agreement before accessing the annotated notes.

3.5 Quantitative 
Evaluation

3.5.1 Annotated Dataset 
for Extraction System 
Evaluation
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There also exists public knowledgebase of known drug–ADR 
associations, often referred to as reference standard or gold stan-
dard, to evaluate the correctness of the identified associations 
between drugs and ADRs. Following are some of the publicly 
available sources.

 ● DrugBank (http://www.drugbank.ca/interax/drug_lookup) 
also contains drug interaction information and can be searched 
by the Interax Interaction Search engine on its website. In a 
DDI prediction study based on chemical structures, Vilar et al. 
[127] constructed a dataset of 9,454 unique DDIs among 928 
drugs using the Interax engine from DrugBank, and they have 
made the dataset publicly available.

 ● Epocrates Online (http://www.epocrates.com) aims to provide 
information about drugs to doctors and other healthcare pro-
fessionals. Among its various functions, one can check for drug 
adverse effects and interactions. It is widely used by physicians 
(~40 %) in the United States.

 ● Micromedex (http://www.micromedex.com) is a well- 
respected, evidence-based database that contains referenced 
information about drugs, toxicology, diseases, acute care, and 
alternative medicine for healthcare professionals.

 ● SIDER (http://www.sideeffects.embl.de) is a side effect 
resource that contains information on marketed medicines and 
their recorded ADRs extracted from public documents and 
package inserts. Available information includes side effect fre-
quency, drug and side effect classifications, as well as links to 
further information. The current version of SIDER (released 
on October 17, 2012) contains 996 drugs, 4,192 ADRs, and 
99,423 drug–ADR pairs [128].

 ● STITCH (http://stitch.embl.de) is a searchable database for 
interaction of chemicals that integrates information on interac-
tions from metabolic pathways, crystal structures, binding 
experiments, and drug–target relationships [129]. The rela-
tionships between chemicals are predicted using text mining 
and chemical structure similarity. STITCH contains interac-
tion information for over 68,000 different chemicals, includ-
ing 2,200 drugs.

There are various evaluation metrics to assess the performance of a 
system. Following are the most commonly used evaluation metrics 
in text mining.

 ● F-score measures the overall completeness and correctness of a 
system. It is calculated by comparing the system’s output 
against a reference standard. Elements identified by the system 
are also present in the reference standard and are called “true 
positives.” On the other hand, elements identified by the 

3.5.2 Knowledgebase  
for Drug–ADR Association 
Evaluation

3.5.3 Evaluation Metrics
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 system but not present in the reference standard are referred to 
as “false positives.” Moreover, elements present in the refer-
ence standard but was not identified by the system are referred 
to as “false negatives.” Table 2 illustrates the basic truth mea-
sures. The truth measures are used to determine the system’s 
precision and recall which are then combined to calculate the 
F-score. Precision is the portion of true positives against all 
predicted positive results, which is calculated as follows:

 
Precision

TP
TP FP

=
+  

 ● Recall is the fraction of true positives among all positives and is 
calculated as follows:

 
Recall

TP
TP FN

=
+  

 ● Finally, F-score is a harmonic mean of the precision and recall 
and can be calculated as follows:

 
F -score

Precision recall
Precision recall

=
× ×

+
2

 

 ● For all the above metrics, a result of 1 indicates the best perfor-
mance and 0 indicates the worst.

 ● Mean average precision (MAP) score is a performance measure 
commonly used to evaluate systems that produce a ranked list 
of results. This measure considers the order of the results pre-
sented. The MAP score is similar to the area under the preci-
sion–recall curve that penalizes both types of misclassifications: 
false positives and false negatives. MAP can be calculated as 
follows where Q is the set of queries (Q = 1 for the general 
identification of relations between drugs and ADRs) and Rjk is 
the set of ranked relations until you get K true relations where 
[r1, …, rmj] is the set of true relation in Rjk:

 
MAP PrecisionQ

Q m
R

j

Q

j k

m

jk

j

( ) = ( )
= =
∑ ∑1 1

1 1  

Table 2 
Table of basic truth measures

Reference standard

Positive Negative

System output Positive True positive (TP) False positive (FP)
Negative False negative (FN) True negative (TN)
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4 Discussion

In this chapter, we have discussed various components of text mining 
to support the identification of drug–ADR associations from free-
text documents including biomedical literature, narrative EMR 
notes, drug labels, and user posts on social media. Text mining in this 
domain can be generally divided into five tasks: data acquisition, data 
extraction, data selection, data analysis, and evaluation. In the previ-
ous section, we provided detailed information regarding the tasks 
and the common approaches involved in each task.

Although the existing PhV research based on text mining has 
produced promising results, the identified associations between 
drugs and ADRs remain to be the potentially important signals not 
meant to be proven and that must be further validated through 
appropriate medical and epidemiological evaluations. Such valida-
tion analysis requires sophisticated clinical and laboratory evalua-
tions that exclude biases and confounding variables. The primary 
goal of using computational methods for PhV is to efficiently 
search for a list of significant drug–ADR pairs to be considered for 
further validation analysis.

While working with different textual sources, one has to keep 
in mind the intrinsic characteristics and limitations of individual 
sources. For instance, several studies have demonstrated that min-
ing EMRs can generate earlier and important ADR signals than the 
conventional spontaneous reporting data. However, EMR data is 
not available to everyone, and even when it is available, most 
researchers only have one dataset from a single affiliating or col-
laborating health unit which may have a limited population. In 
addition, patients may visit different hospitals and different doctors 
for treatment, thus resulting in missing data in EMRs. This prob-
lem may be solved by the integration of EMRs from multiple 
resources, but it is still currently a technical and policy challenge.

Social media data, on the other hand, may be publicly available 
and include patients from a wide range of geographical regions 
around the world, but the user posts are often much noisier than 
data collected from health professionals. Since drug names in social 
networks are specified by the user when ADR comments are sub-
mitted, the problem of relationship determination is eliminated 
but the main challenge becomes the determination of what the 
consumer-posted ADR terms are and what they really mean. In 
addition, the main difference between text mining from social 
media and other text is the language and length of the text. 
Compared to the text in biomedical literature, consumer posts are 
usually informal, general, and short. This is the main reason for the 
inadequate performance of current NLP systems in extracting and 
analyzing online health forums. Another important reason is that 
most existing medical terminologies are developed for profession-
als and thus may not cover the vocabulary of the consumers.
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 1. World Health Organization (1966) 
International drug monitoring: the role of the 
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World Health Organization, Geneva

 2. Pirmohamed M, Breckenridge AM, 
Kitteringham NR et al (1998) Adverse drug 
reactions. BMJ 316:1295–1298
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Incidence of adverse drug reactions in hospi-
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 7. Jha AK, Kuperman GJ, Rittenberg E et al 
(2001) Identifying hospital admissions due to 
adverse drug events using a computer-based 
monitor. Pharmacoepidemiol Drug Saf 10: 
113–119

 8. Griffin MR, Stein CM, Ray WA (2004) 
Postmarketing surveillance for drug safety: 
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75:491–494

 9. Edwards IR, Aronson JK (2000) Adverse 
drug reactions: definitions, diagnosis, and 
management. Lancet 356:1255–1259

 10. Fliri AF, Loging WT, Thadeio PF et al (2005) 
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Side effect prediction using cooperative path-
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Gaining insight into off-target mediated 
effects of drug candidates with a comprehen-
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In conclusion, our key messages are the following: (1) consider 
all aspects related to data quality when choosing your data source 
for ADR signal detection with text mining; (2) tailor your algo-
rithm selection to each case, keeping in mind the biases and con-
founders that may influence the algorithm performance; (3) there 
is still a large room for improvement in this area; and (4) the 
detected ADR signals should always be guided by appropriate clin-
ical evaluation to support actual patients’ needs.
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Chapter 14

Systematic Drug Repurposing Through Text Mining

Luis B. Tari and Jagruti H. Patel

Abstract

Drug development remains a time-consuming and highly expensive process with high attrition rates at 
each stage. Given the safety hurdles drugs must pass due to increased regulatory scrutiny, it is essential for 
pharmaceutical companies to maximize their return on investment by effectively extending drug life cycles. 
There have been many effective techniques, such as phenotypic screening and compound profiling, which 
identify new indications for existing drugs, often referred to as drug repurposing or drug repositioning. 
This chapter explores the use of text mining leveraging several publicly available knowledge resources and 
mechanism of action representations to link existing drugs to new diseases from biomedical abstracts in an 
attempt to generate biologically meaningful alternative drug indications.

Key words Drug repurposing, Alternative drug indications, Drug repositioning

1 Introduction

The current drug discovery and development model is perceived as 
a costly and time-consuming process [1]. To reduce cost and 
shorten the duration for drug development, drug repurposing, also 
known as drug repositioning, has become an attractive alternative 
to traditional drug development. Drug repurposing is the process 
of finding a new indication for existing drug compounds. In other 
words, it is a research process on how an existing drug can be used 
for disease treatment other than its original indication. Drug re-
profiling is advantageous because it bypasses many expensive drug 
development steps, such as in vitro and in vivo screening, chemical 
optimization, toxicology studies, and formulation development. 
Consequently, financial and development risks are reduced, and the 
typical 10–17-year drug development process can be shortened to 
3–12 years [2]. The most cited success story for drug repositioning 
is sildenafil, an angina treatment developed by Pfizer. During clini-
cal trials, it was noted that patients suffering from erectile dysfunc-
tion had improvement in their conditions. Sildenafil went on to 
become the blockbuster drug more commonly known as Viagra®. 
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Further studies showed yet another therapeutic indication in 
 treating pulmonary arterial hypertension, whereby sildenafil was 
marketed as Revatio®. Mechanistically, the additional indications 
could be explained. Sildenafil is an inhibitor of phosphodiesterase-5 
(PDE-5), which is known to be expressed in pulmonary hyperten-
sive lungs and plays a role in regulating blood flow to the penis [3].

The main concept behind drug repurposing is that novel drug 
indications can be identified based on the principle that the pri-
mary drug target can be associated with diseases other than its 
original drug indication. In addition, as drugs can act on multiple 
targets, secondary targets can be utilized for novel drug indications 
as well. Several systematic approaches for finding new uses for old 
drugs have been proposed. One method with much literature 
 support leverages chemical compound similarity [4]. Since similar 
drug compounds have comparable target profiles, novel targets can 
be identified for a compound by analyzing similar compound activ-
ity. Another approach to identify alternative drug indications 
includes finding drugs that share a significant number of side 
effects [5, 6]. Drugs with similar effects may have similar actions, 
linking the side effects to disease. Drug D is proposed to be a can-
didate for the treatment of disease Dise if D shares side effects that 
are induced by a drug class currently used for Dise treatment [5]. 
Finally, gene expression signatures have been used to reposition 
drugs whereby a drug signature opposite to a disease signature is 
proposed to be a potential treatment for the disease [7]. Readers 
can refer to [8] for a comprehensive computational drug repurpos-
ing method review.

With the vast pharmacological and biological knowledge 
 available in literature, finding novel drug indications using in silico 
approaches has become increasingly feasible. Literature-based dis-
covery methods go a step further by identifying relevant knowl-
edge through text mining so that new knowledge can be inferred 
from existing knowledge [9]. Swanson’s ABC model [10] is a 
popular literature-based discovery methodology that links two 
concepts through a commonly shared concept. A notable finding 
identified from the Swanson’s ABC model was the proposed use of 
fish oil to treat Raynaud’s syndrome, which was later clinically vali-
dated [10, 11]. Scientific concepts A and C form a relationship 
when concept A co-occurs with concept B in one publication while 
concepts B and C co-occur in another publication. Variations of 
Swanson’s ABC model have been described in the literature for 
indirect relationship identification [12, 13]. However, approaches 
based on concept co-occurrence within abstracts tend to generate too 
many hypotheses. Another direction for network-based approaches 
aims to uncover knowledge through biological networks. DrugMap 
Central [14] is a network-based approach that utilizes information 
on chemical structures, drug targets, and signaling pathways  
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for users to visualize and identify alternative drug indications. 
However, these co-occurrence and network-based approaches also 
generate many hypotheses, and identifying new drug indications 
from large networks can be time consuming.

2 Materials

A critical step in performing systematic drug repurposing is choosing 
appropriate knowledge sources. While there is an extensive list of 
publicly available databases that capture assorted biological knowl-
edge (see http://www.pathguide.org/ for a list of interaction data-
bases), most manually curated databases have poor literature coverage 
due to the resource-demanding curation process. More importantly, 
it is common for interaction databases not to capture the interaction 
details required for inference. For example, interaction-type descrip-
tions are typically not included in these interaction databases. Medline 
is an ideal resource to obtain such detailed information on biologic 
interactions. For drug repurposing, Medline abstracts are utilized for 
obtaining gene–disease relationships that describe associations 
between gene expression regulation and diseases as well as protein–
protein interaction relationships that capture the induction or the 
inhibition between protein pairs.

For the remainder of this section, we describe resources that 
complement the Medline knowledge source. Specifically, these 
resources are targeted for acquiring knowledge on cancer-related 
genes and drug–target interactions.

The Gene Ontology [15] is a hierarchical controlled vocabulary 
that includes three independent ontologies for biological pro-
cesses, molecular functions, and cellular components. Standardized 
terms in the Gene Ontology describe gene roles and gene products 
in any organism. The Gene Ontology itself does not contain organ-
ism gene products. Rather, gene product biological roles are kept 
in Gene Ontology annotation form. For example, the Gene 
Ontology annotation is a useful resource in identifying genes that 
are associated with cancer-related biological processes. In particu-
lar, the following Gene Ontology terms and the corresponding 
descendants are selected as antitumor biological processes: negative 
regulation of cell proliferation (GO:0008285), positive regulation 
of apoptosis (GO:0043065), and negative regulation of angio-
genesis (GO:0016525). On the other hand, tumor- promoting 
 biological processes include these Gene Ontology terms and cor-
responding descendants: positive regulation of cell proliferation 
(GO:0008284), negative regulation of apoptosis (GO:0043066), 
and positive regulation of angiogenesis (GO:0045766).

2.1 Gene Ontology

Systematic Drug Repurposing Through Text Mining
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The UniProt Knowledge Base (UniProtKB) (http://www.uniprot.
org/) is the largest protein sequence repository. In addition to 
 protein sequence information, UniProtKB also includes manual 
annotation on proteins, and it is an ideal resource to obtain a cancer 
gene list. In particular, the keywords “oncogene” and “tumor sup-
pressor” are used as search criteria with the results limited to human 
genes only.

The NCBI Gene (http://www.ncbi.nlm.nih.gov/gene) is a knowl-
edge base that contains about 12 million curated gene records. 
Similar to UniProt, NCBI Gene is leveraged to identify cancer 
genes using the keywords “oncogene” and “tumor  suppressor” 
with results restricted to human genes.

CancerQuest (http://www.cancerquest.org) is a resource with infor-
mation on cancer biology and treatment. The CancerQuest tool 
maintains a list of oncogenes (http://www.cancerquest.org/
oncogene-table) and tumor suppressors (http:// www.cancerquest.
org/tumor-suppressors-table).

Drug–target interactions are also essential for systematic drug 
repurposing. DrugBank [16] is a comprehensive knowledge base 
for drugs, drug actions, and drug targets. The drug–target interac-
tions obtained from DrugBank include modulation definitions 
such as antagonist or agonist.

3 Methods

An important component behind our approach in performing 
 systematic drug repurposing is in acquiring information relevant to 
drug mechanism. The semantics of the acquired biological interac-
tions is leveraged to infer novel drug indications. By utilizing 
semantics and automated reasoning, we aim to produce novel drug 
indications that are accompanied by the biological mechanism 
behind the hypotheses as explanation.

Our approach, as shown in Fig. 1, can be divided into three 
main components: (1) the knowledge representation component,  
(2) the knowledge acquisition component, and (3) the reasoning 
component. In order to automatically propose alternative drug 
indications, it is necessary to first represent the drug mechanism in 
logic rule form. The knowledge acquisition component includes 
publicly available curated sources as well as relevant facts for drug 
indication identification acquired using text mining. With the facts 
gathered by the knowledge acquisition component and the logic 
rules defined in the knowledge representation component, the rea-
soning engine utilizes the logic rules to find interactions that link 
drugs with corresponding drug indications.

2.2 UniProt

2.3 NCBI Gene

2.4 CancerQuest

2.5 DrugBank
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Basic drug mechanisms include the modulation, either activation 
or inhibition, of a protein target that is responsible for disease. 
These drug–target interactions then translate into clinical effects. 
For example, erlotinib is an epidermal growth factor receptor 
(EGFR) antagonist which alters the oncogenic EGFR signal trans-
duction pathway. The key to identifying alterative drug indications 
is based on the principle that drug targets can be involved in dis-
eases other than the original drug indication. Although compounds 
may interact with multiple targets, the primary target usually deter-
mines the first indication for development. Novel drug indications 
can be hypothesized through identifying alternative relations 
between primary targets and diseases as well as examining the sec-
ondary targets and their corresponding roles in disease.

Drug action representation involves initially identifying antag-
onists as triggering drug target inhibition and agonists as initiating 
drug target activation. With rich knowledge about cancer and its 
mechanisms, we applied our approach in identifying drugs that can 
be used as cancer treatments. A drug is identified as a treatment for 
cancer in one of the following scenarios:

 ● When the drug inhibits a protein that is known to be an 
oncogene.

 ● When the drug induces a protein that is known to be a tumor 
suppressor.

3.1 Knowledge 
Representation

Fig. 1 An overview of the components involved in identifying alternative drug indications through text mining. 
These components include (a) the knowledge acquisition component, (b) the knowledge representation com-
ponent, and (c) the reasoning component

Systematic Drug Repurposing Through Text Mining
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 ● When the drug inhibits a protein that is involved in a 
 tumor- promoting biological process.

 ● When the drug induces a protein that is involved in a tumor- 
suppressing biological process.

Alternatively, a drug can also be identified as a cancer treatment 
when the drug activates protein function leading to an increase in 
tumor-suppressing protein expression or activates  protein function 
leading to a decrease in tumor-promoting protein expression.

While databases such as PharmGKB [17] and IntAct [18] are great 
resources for gene–disease relations and protein–protein interac-
tions, they are limited in literature coverage due to the  time- intensive 
process involved in manual curation. More importantly, it is com-
monly the case that interaction types are not captured in these 
databases. The information deficiency becomes an obstacle when 
the interactions from these databases are used in new knowledge 
discovery. As an example, let us assume that we know that protein 
A interacts with oncoprotein B. The interaction consequence (e.g., 
whether the function of B is ultimately activated or suppressed by 
A) is an important factor when the interaction is considered as a 
cancer drug treatment mechanism. To capture the interactions, we 
utilize text mining so that appropriate interactions can be identi-
fied efficiently from the literature.

Our text mining approach relies on grammatical structures and 
keywords to capture the directionality and the interaction types 
during gene–disease relation and protein–protein interaction 
extractions. The parse tree query language (PTQL) [19] is a suit-
able language that allows extraction patterns to be defined over 
keywords and grammatical structures. PTQL is designed for infor-
mation extraction over a database of text known as the parse tree 
database (PTDB). A parse tree is composed of a constituent tree 
and a linkage. A constituent tree is a syntactic sentence tree with 
the nodes represented by parts-of-speech tags and words in the 
sentence. A linkage represents the syntactic dependencies (or links) 
between word pairs in a sentence. The Stanford parser [20] is uti-
lized to create parse sentence trees. BANNER [21] is used for gene 
name recognition from text, and the recognized gene names are 
then mapped to official gene symbols using GNAT [22]. The syn-
tactic and semantic information is stored in our parse tree database, 
and extraction is performed by database queries. By storing the 
syntactic and semantic information, document collection repro-
cessing for every extraction is avoided. On-the-fly extraction is 
suitable for mining various interaction types as needed for identify-
ing alternative drug indications.

A PTQL query is composed of four components: (1) tree 
 patterns, (2) link conditions, (3) proximity conditions, and (4) 
return expression. The components in a PTQL query are  separated 

3.2 Relationship 
Extraction
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by the symbol “:”. Here we describe the PTQL query syntax by 
the  following query:
//S{/NP{//?[Value='high']=>//?[Value='lev
els']=>

//?[Tag='GENE'](kw1)}=>/VP{//?[Tag='DISE']
(kw2)}} :::

distinct kw1.value, kw2.value

The above tree query pattern specifies that within a noun 
phrase (denoted as NP), a gene name (denoted as variable kw1) has 
to be preceded by keywords “high” and “levels” through the oper-
ator =>. This gene name also needs to be followed by a verb phrase 
(denoted as VP), which contains a disease name mention (denoted 
as kw2). With the PTQL query, we obtained the relation that ADA 
overexpression is associated with acute lymphoblastic leukemia 
from the following sentence:

High levels of adenosine deaminase (ADA) activity have been 
associated with normal T cell differentiation and T cell disease, 
such as acute lymphoblastic leukemia (PMID: 6981287).

Readers can refer to [19] for more detailed information on 
PTQL and its implementation. By defining the keywords and extrac-
tion patterns over parse trees in the form of PTQL queries, it becomes 
possible to extract not only the interactions but also the directionality 
and interaction types. Specifically, the following interaction types are 
extracted:

 1. Association between overexpressed or underexpressed genes 
and diseases.

 2. Protein stimulation or inhibition by other proteins.

Sample interactions are listed in Table 1.

In order to identify drug indications through automated reason-
ing, it is important to have proper drug mechanism knowledge 
representation. Logic facts are formed based on the knowledge 
acquired from the various sources as described in the previous 
 subsection. In addition, logic rules are used to represent drug 
mechanism properties. We adopted a popular knowledge represen-
tation language called answer set programming (ASP) [23, 24] for 
logic fact and rule representation.

ASP is a declarative language that is useful for reasoning, 
including reasoning with incomplete information. An advantage 
for using a declarative language is that we define what the program 
should achieve and not how it should be achieved. Here we give a 
brief introduction to ASP syntax.

An ASP rule is in the form

 l l l l lm m n← … …+0 1, , , , ,not not  

where lis are literals and not represents default negation. The intuitive 
meaning of the above rule is that if it is known that literals l0, …, lm 

3.3 Logic Forms
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are to be true and if lm+1, …, ln are assumed to be false, then l must 
be true. A literal is defined as either an atom or an atom preceded by 
the symbol ¬ that indicates classical negation. If there is no literal l 
in the rule head, then the rule is referred to as a constraint. On the 
other hand, if there are no literals in the rule body, then the rule is 
referred to as a fact, and its representation fact short hand is simply 
the head literal itself. A set of ASP rules composes an answer set 
program, and an answer set program interpretation is called an 
answer set. Readers can refer to [25] for more details on ASP syntax 
and semantics.

Two basic logic fact types are used to represent the drug mech-
anisms: (1) concepts such as proteins and drugs and (2) interactions 
such as gene–disease relationships. The concept protein is repre-
sented in the protein(Prot) form, where Prot is a concept variable. 
For example, protein(tp53) indicates that tp53 is a protein concept 
instance. A complete concept and logic forms list is shown in 
Table 2. Interactions are represented with the predicate inter action 
for drug–target and protein–protein interactions and relation for 
gene–disease and gene-biological process relations. For instance, 
the logic form relation(overexpressed(amacr), associated_with, gas-
tric_cancer) translates to overexpressed AMACR is associated with 
gastric cancer, and the logic form interaction(egf, induces, erbb2) 
represents that EGF induces ERBB2 activity. Table 3 shows a com-
plete list of interaction types and their corresponding logic forms.

With the knowledge denoted in logic fact form, drug mechanisms 
now need to be represented using ASP rules. The idea is to charac-
terize and encode the mechanisms as pre- and post-interaction 
conditions, in which the precondition is represented in the body of 

3.4 Automated 
Reasoning

Table 1 
Sample extracted gene–disease relationships and protein–protein interactions  
with their support evidences

Evidences Extracted relationships

The results of our study demonstrate that AMACR 
expression is upregulated in gastric cancer (PMID: 
18787636)

<overexpressed AMACR, associated 
with, gastric cancer>

Therefore, inactivation of Rb protein by HPV 18 E7 
protein may be associated with carcinogenesis of 
small-cell carcinoma (PMID: 14506638)

<underexpressed RB1, associated 
with, small cell carcinoma>

Moreover, HER-2 expression was stimulated by EGF 
addition in young cells (PMID: 8028398)

<EGF, induces, ERBB2>

Inhibition of PPARgamma activity by TNF-alpha is 
involved in pathogenesis of insulin resistance 
(PMID: 18655773)

<TNF, inhibits, PPARG>
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Table 2 
Logic forms for the classes and entities involved in the drug mechanism domain

Facts Logic forms Examples

Prot is a protein, e.g., P53 protein(Prot) protein(tp53)

Prot is an oncogene, e.g., EGFR oncogene(Prot) oncogene(egfr)

Prot is a tumor suppressor, e.g., P53 suppressor(Prot) suppressor(tp53)

Dr is a drug, e.g., moclobemide drug(Dr) drug(moclobemide)

Dise is a disease, e.g., depression disease(Dise) disease(depression)

Bp is a cancer- promoting biological 
process, e.g., positive regulation 
of cell proliferation

cancer_
promoting_
bioprocess(Bp)

cancer_promoting_bioprocess 
 (pos_reg_cell_proliferation)

Bp is a cancer-resisting biological 
process, e.g., positive regulation 
of apoptosis

cancer_resisting_
bioprocess(Bp)

cancer_resisting_bioprocess
(pos_reg_apoptosis)

Table 3 
Logic forms for the interactions involved in the drug mechanism domain

Relations Logic forms

Drug Dr induces the activity of protein Prot interaction(Dr, induces, Prot)

Drug Dr inhibits the activity of protein Prot interaction(Dr, inhibits, Prot)

Protein Prot1 induces the activity of protein Prot2 interaction(Prot1, induces, Prot2)

Protein Prot1 inhibits the activity of protein Prot2 interaction(Prot1, inhibits, Prot2)

Overexpressed protein Prot is associated with 
disease Dise

relation(overexpressed(Prot), associated_
with, Dise)

Underexpressed protein Prot is associated with 
disease Dise

relation(underexpressed(Prot), associated_
with, Dise)

Protein Prot plays a role in biological process Bp relation(Prot, is_associated, Bp)

an ASP rule while the head represents the post-condition. Three 
rule sets are needed to perform inference for alterative drug indica-
tions: initial triggers, inference rules, and constraints. The initial 
triggers specify the criteria to initiate an inference. For drug mech-
anisms, the initial triggers correspond to drug target activation or 
inactivation by agonists or antagonists, respectively. The triggers 
are captured by the following rules:

 ● Initial trigger 1: Drug Dr activates drug target Prot function 
when Dr induces Prot expression:
trigger(Dr, activates, Prot, 1) ← interaction(Dr, induces, Prot), 
protein(Prot), drug(Dr).
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 ● Initial trigger 2: Drug Dr inactivates drug target Prot function 
when Dr inhibits Prot expression:
trigger(Dr, inactivates, Prot, 1) ← interaction(Dr, inhibits, 
Prot), protein(Prot), drug(Dr).
The following rules are used to represent other types of direct 

inference:

 ● Inference rule 1: Cancer is identified as an indication for drug 
Dr in step S + 1 when tumor-suppressor Prot has been activated 
in the previous step S:
trigger(Dr, treats, cancer, S + 1) ← trigger(Dr, activates, Prot, S), 
suppressor(Prot), drug(Dr), step(S).

 ● Inference rule 2: Cancer is identified as an indication for drug 
Dr in step S + 1 when oncogene Prot has been inhibited in the 
previous step S:
trigger(Dr, treats, cancer, S + 1) ← trigger(Dr, inactivates, Prot, S), 
oncogene(Prot), drug(Dr), step(S).

 ● Inference rule 3: Cancer is identified as an indication for drug 
Dr in step S + 1 when protein Prot, which is involved in a 
cancer- promoting biological process Bp, has been inhibited in 
the previous step S:
trigger(Dr, treats, cancer, S + 1) ← relation(Prot, is_associated, 
Bp), trigger(Dr, inactivates, Prot, S), protein(Prot), drug(Dr), 
cancer_promoting_bioprocess(Bp), step(S).

 ● Inference rule 4: Cancer is identified as an indication for drug 
Dr in step S + 1 when protein Prot, which is involved in a 
tumor-suppressing biological process Bp, has been activated in 
the  previous step S:
trigger(Dr, treats, cancer, S + 1) ← relation(Prot, is_associated, Bp), 
trigger(Dr, activates, Prot, S), protein(Prot), drug(Dr), can-
cer_resisting_bioprocess(Bp), step(S).

 ● Inference rule 5: Cancer is identified as an indication for drug 
Dr in step S + 1 when protein Prot has been inhibited in the 
previous step S and overexpressed Prot is known to be associ-
ated with cancer:
trigger(Dr, treats, cancer, S + 1) ← trigger(Dr, inactivates, Prot, S), 
relation(overexpressed(Prot), associated_with, cancer), drug(Dr), 
protein(Prot), step(S).

 ● Inference rule 6: Cancer is identified as an indication for drug 
Dr in step S + 1 when protein Prot has been induced in the 
previous step S and underexpressed Prot is known to be associ-
ated with cancer:
trigger(Dr, treats, cancer, S + 1) ← trigger(Dr, activates, Prot, S), 
relation(underexpressed(Prot), associated_with, cancer), drug(Dr), 
protein(Prot), step(S).
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In the above rules, the variable S is used to indicate a time 
stamp. Such time stamps represent interaction sequence, indicat-
ing that the different interactions that must occur prior to inferring 
a drug can be a cancer therapy. Such scenarios are considered direct 
inferences for cancer treatment. Furthermore, cancer therapies that 
are derived through drug-activated protein–protein interactions 
are considered indirect inferences, and they are represented with 
the ASP rules below:

 ● Inference rule 7: Drug Dr triggers protein Prot2 functional 
activation in step S + 1 when protein Prot1 has been activated  
in the previous step S and activated Prot1 increases Prot2 
expression:
trigger(Dr, activates, Prot2, S + 1) ← trigger(Dr, activates, 
Prot1, S), interaction(Prot1, induces, Prot2), drug(Dr), 
protein(Prot1), protein(Prot2), step(S).

 ● Inference rule 8: Drug Dr triggers protein Prot2 functional 
inactivation in step S + 1 when protein Prot1 has been activated 
in the previous step S and activated Prot1 decreases Prot2 
expression:
trigger(Dr, inactivates, Prot2, S + 1) ← trigger(Dr, activates, 
Prot1, S), interaction(Prot1, inhibits, Prot2), drug(Dr), 
protein(Prot1), protein(Prot2), step(S).

With the initial triggers and inference rules in place, constraints 
are used to define the valid inference criteria as follows:

 ● Constraint 1: An inference is valid only if goal becomes true, 
e.g., the series of steps must include the inference for a drug to 
be used as a cancer treatment, which is indicated by trigger(Dr, 
treats, cancer, S):
goal ← trigger(Dr, treats, cancer, S), drug(Dr), step(S).
← not goal.

 ● Constraint 2: No other interactions should follow trigger(Dr, 
treats, cancer, S) in a valid inference, ensuring that trigger(Dr, 
treats, cancer, S) is the last valid inference step:
← trigger(Dr, activates, Prot, S), trigger(Dr, treats, cancer, S1), 
protein(Prot), drug(Dr), step(S), step(S1), S ≥ S1.
← trigger(Dr, inactivates, Prot, S), trigger(Dr, treats, cancer, S1), 
protein(Prot), drug(Dr), step(S), step(S1), S ≥ S1.

To compute the answer sets that infer drug indications, an ASP 
solver called clingo [26] is utilized to compute direct and indirect 
inferences based on the rules and the acquired logic facts.
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Here we use the drug dipyridamole as an example to illustrate the 
direct inference of drug indications. Dipyridamole is prescribed to 
reduce blood clots through ADA inhibition [source: PubMed 
Health]. To find alternative indications for dipyridamole, we first 
acquire the necessary knowledge such as drug–target interactions 
and gene–disease relations. In this case, the following fact is 
acquired:

 ● Dipyridamole acts as an antagonist for ADA [source: 
DrugBank]:
interaction(dipyridamole, inhibits, ada).

This interaction acts as the precondition for ADA functional 
inhibition through initial trigger 2, which results in 
trigger(dipyridamole, inactivates, ada, 1) being true. Mining bio-
medical abstracts reveals that ADA overexpression is associated 
with cancers like acute lymphoblastic leukemia.

 ● High levels of ADA activity have been associated with normal 
T cell differentiation and T cell disease, such as acute lympho-
blastic leukemia [source: PMID: 6981287]:
relation(overexpressed(ada), associated_with, cancer).

With the above interactions, inference rule 5 turns 
trigger(dipyridamole, treats, cancer, 2) to be true, indicating that 
dipyridamole is proposed as a potential treatment for cancer as 
ADA can be inhibited by dipyridamole and ADA overexpression is 
associated with cancer. This hypothesis together with the drug 
mechanisms is illustrated in Fig. 2.

Here we use the drug tazarotene as an illustration for drug indica-
tion indirect inference. Tazarotene is approved for psoriasis and 
acne treatment. The facts below are acquired from different sources 
to identify an alternative indication for tazarotene.

 ● Tazarotene acts as an agonist for retinoic acid receptor alpha 
(RARA) [source: DrugBank]:
interaction(tazarotene, induces, rara).

The above interaction results in trigger(tazarotene, activates, 
RARA, 1) to be true through initial trigger 1. By mining biomedi-
cal abstracts, it is discovered that RARA is known to inhibit EGFR 
oncogenic activity.

 ● These results suggest that RAR ligand-associated downregula-
tion of EGFR activity reduces cell proliferation by reducing the 
magnitude and duration of EGF-dependent ERK1/2 activa-
tion [source: PMID: 11788593]:
interaction(rara, inhibits, egfr).

 ● EGFR is a known oncogene [source: CancerQuest]:
oncogene(efgr).

3.5 Dipyridamole as 
a Treatment for Cancer

3.6 Tazarotene as a 
Cancer Therapy
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With the acquired facts and inference rule 8, trigger(tazarotene, 
inactivates, EGFR, 2) becomes true and subsequently turns 
trigger(tazarotene, treats, cancer, 3) to be true based on inference 
rule 2. The hypothesis generated through indirect inference indi-
cates that the agonist tazarotene activates RARA which in turn 
inhibits EGFR, indicating the potential use of tazarotene as an 
oncology therapy. This hypothesis together with the drug mecha-
nisms is illustrated in Fig. 2.

4 Conclusions

Drug repurposing plays an increasingly important role for pharma-
ceutical companies to minimize the time spent in the drug devel-
opment process while maximizing previous investments. We 
described an approach that acquires knowledge from publicly 
available resources including Medline abstracts through text min-
ing and generates alternative drug indication hypotheses through 
automated reasoning based on the acquired knowledge and drug 
mechanism logic representations. Using an evaluation set of 943 
drugs obtained from DrugBank, 81 drugs are currently used for 
cancer treatments, while 289 drugs not having cancer as an origi-
nal indication are currently being investigated as cancer therapies 
according to clinicaltrials.gov. Our method suggested 507 drugs 
that have the potential to be used for cancer treatments with a 
subset of 211 confirmed to be cancer related. Further analysis 
revealed that our approach was able to make 67 suggestions for 
cancer therapies among the 81 known cancer drugs (a recall of 
82.7 %), and the remaining 144 suggestions are non-oncology 
drugs that are currently being tested in cancer clinical trials (a recall 
of 49.8 %). A more detailed result analysis can be found in [27].

It is important to note that there are a few important features 
that distinguish our approach from other literature-based approaches. 
These include (1) interaction-type extraction and  utilization, (2) the 

Fig. 2 A diagrammatic view of (a) direct and (b) indirect inferences for dipyridamole and tazarotene novel 
cancer indications

Systematic Drug Repurposing Through Text Mining



266
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 8. Hurle MR, Yang L, Xie Q, Rajpal DK, Sanseau 
P, Agarwal P (2013) Computational drug 
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Pharmacol Ther 93(4):335–341
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mining and application of directional interactions, and (3) the drug 
mechanism representation. Typical literature- based approaches that 
adopt the Swanson’s ABC model usually produce large biological 
networks based on co-occurrence. Then researchers have to engage 
in the time-consuming process of using network visualization tools 
to sift through the networks and manually identify novel drug indi-
cations. The distinguishing features adopted in our approach reduce 
search space size so that it not only becomes computationally feasi-
ble, but, more importantly, the hypotheses generated reflect the 
drug mechanism of action as well as the key cancer mechanisms. 
These features lead to deriving potential alternative drug indications 
with scientific evidences explaining the mechanism behind the 
hypotheses.

The ability to identify alternative drug indications illustrates 
that combining text mining and automated reasoning is a powerful 
technique that enables knowledge inference in the biomedical 
domain.

References

Luis B. Tari and Jagruti H. Patel



267

 15. The Gene Ontology Consortium (2000) Gene 
ontology: tool for the unification of biology. 
Nat Genet 25(1):25–29

 16. Knox C, Law V, Jewison T et al (2011) 
DrugBank 3.0: a comprehensive resource for 
‘omics’ research on drugs. Nucleic Acids Res 
39(Database issue):D1035–D1041

 17. Klein TE, Chang JT, Cho MK, Easton KL, 
Fergerson R et al (2001) Integrating genotype 
and phenotype information: an overview of the 
PharmGKB project. Pharmacogenetics 
Research Network and Knowledge Base. 
Pharmacogenomics J 1:167–170

 18. Aranda B, Achuthan P, Alam-Faruque Y, 
Armean I, Bridge A et al (2010) The IntAct 
molecular interaction database in 2010. 
Nucleic Acids Res 38:D525–D531. 
doi:10.1093/nar/gkp878

 19. Tari L, Tu PH, Hakenberg J, Chen Y, Son TC 
et al (2010) Incremental information extrac-
tion using relational databases. IEEE Trans 
Knowledge Data Eng 24:86–99. doi:10.1109/
TKDE.2010.214

 20. Klein D, Manning CD (2003) Accurate unlexi-
calized parsing. Proceedings of the 41st Annual 
meeting on association for computational lin-
guistics (ACL’03), Vol 1, pp 423–430. 
doi:10.3115/1075096.1075150

 21. Leaman R, Gonzalez G (2008) BANNER: an 
executable survey of advances in biomedical 
named entity recognition. Pac Symp 
Biocomput. pp 652–663

 22. Hakenberg J, Plake C, Leaman R, Schroeder 
M, Gonzalez G (2008) Inter-species normal-
ization of gene mentions with GNAT. 
Bioinformatics 24:i126–i132. doi:10.1093/
bioinformatics/btn299

 23. Gelfond M, Lifschitz V (1988) The stable 
model semantics for logic programming. In 
International symposium on logic program-
ming, pp 1070–1080

 24. Gelfond M, Lifschitz V (1991) Classical nega-
tion in logic programs and disjunctive data-
bases. New Generation Computing 9:365–387

 25. Baral C (2003) Knowledge representation, rea-
soning and declarative problem solving. 
Cambridge University Press, New York

 26. Gebser M, Ostrowski M, Schaub T (2009) 
Constraint answer set solving. In Proceedings 
of the 25th International conference on logic 
programming (ICLP’09), Vol 5649, pp 235–
249. doi:10.1007/978-3-642-02846-5

 27. Tari L, Vo N, Liang S, Patel J, Baral C, Cai J 
(2012) Identifying novel drug indications 
through automated reasoning. PLoS One 
7(7):e40946

Systematic Drug Repurposing Through Text Mining





269

Vinod D. Kumar and Hannah Jane Tipney (eds.), Biomedical Literature Mining, Methods in Molecular Biology, 
vol. 1159, DOI 10.1007/978-1-4939-0709-0_15, © Springer Science+Business Media New York 2014

Chapter 15

Mining the Electronic Health Record for Disease 
Knowledge

Elizabeth S. Chen and Indra Neil Sarkar

Abstract

The growing amount and availability of electronic health record (EHR) data present enhanced opportunities 
for discovering new knowledge about diseases. In the past decade, there has been an increasing number of 
data and text mining studies focused on the identification of disease associations (e.g., disease–disease, 
disease–drug, and disease–gene) in structured and unstructured EHR data. This chapter presents a knowl-
edge discovery framework for mining the EHR for disease knowledge and describes each step for data 
selection, preprocessing, transformation, data mining, and interpretation/validation. Topics including 
natural language processing, standards, and data privacy and security are also discussed in the context of 
this framework.

Key words Electronic health record, Knowledge discovery in databases, Data mining, Text mining, 
Natural language processing, Data warehouse, Data privacy and security, Standards

1 Introduction

The increased adoption of electronic health record (EHR) systems 
has the potential for enhanced collection and access to a wide range 
of information about an individual’s lifetime health status and 
health care to support a range of “secondary uses” including 
genomic, clinical, and public health research [1–6]. The use of 
knowledge discovery and data mining approaches for transforming 
health data into actionable knowledge has been an active area of 
research and will continue to advance in the era of “big data” [7–10]. 
These approaches have been applied to EHR data for studying 
 patterns and relationships between diseases (comorbidity analysis) 
[11–13], drugs and adverse events (pharmacovigilance) [14–16], 
as well as drugs and genes (pharmacogenomics) [17]. Potential 
uses of this knowledge range from hypothesis generation to clinical 
decision support.

The knowledge discovery in databases (KDD) process is 
defined as “the nontrivial process of identifying valid, novel, 
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potentially useful, and ultimately understandable patterns in data” 
[18, 19]. The major steps in this interactive and iterative process 
are data selection, preprocessing, transformation, data mining, and 
interpretation/validation. While data mining is traditionally 
applied to collections of “structured” data from databases, text 
mining or text data mining is the application of data mining tech-
niques to collections of “unstructured” or “semi-structured” tex-
tual data [20]. The text mining process typically involves the use of 
natural language processing (NLP) techniques to extract struc-
tured data from unstructured narrative for subsequent use [21].

This chapter presents a general framework for mining the EHR 
for disease knowledge that is adapted from the KDD and text min-
ing processes. The sets of techniques associated with each step in 
this “disease knowledge discovery” (DKD) process are described 
along with a discussion of key issues ranging from data privacy and 
security to standardization. Given the breadth of methods and 
applications, this protocol is focused on describing an approach for 
identifying pairwise disease associations (e.g., disease–disease, 
disease–drug, and disease–gene) where the driving example is a study 
focused on identifying comorbidities for type 2 diabetes mellitus.

2 Materials

An EHR system includes a “longitudinal collection of electronic 
health information for and about persons, where health informa-
tion is defined as information pertaining to the health of an indi-
vidual or health care provided to an individual” [22] (see Note 1). 
Typically, an EHR system interfaces with and integrates data from 
ancillary systems such as registration, billing, laboratory, radiology, 
and pharmacy [23]. Data within the EHR fall into two major cat-
egories: structured—discrete data elements (e.g., demographics, 
billing diagnoses, problems, procedures, medications, and aller-
gies) that may be associated with codes and are “computer under-
standable” and unstructured (or semi-structured)—free-text 
narrative (e.g., clinical notes and reports) that may include some 
structure and can be converted into a structured form using meth-
ods such as NLP (see Note 2) [24]. The underlying real-time data-
base for EHR systems is often referred to as a Clinical Data 
Repository (CDR) [25].

For reporting and data analysis purposes, a separate database or 
data warehouse is typically available that is populated with data 
through an extract, transform, and load (ETL) process [25]. 
Depending on the intended use (e.g., for quality or research) and 
contents, this is referred to as a Clinical Data Warehouse, Research 
Data Warehouse, Enterprise Data Warehouse, Integrated Data 
Warehouse, or Integrated Data Repository (see Note 3) [26]; for 

2.1 Electronic 
Health Record

2.2 Data Warehouse

Elizabeth S. Chen and Indra Neil Sarkar
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the remainder of this chapter, the term Enterprise Data Warehouse 
(EDW) will be used. In addition to the EHR and ancillary systems, 
the EDW may also incorporate data from other systems such as 
disease registries, biobanks, payer claims databases, and literature 
databases. The standard process for accessing and requesting data 
from an EDW for research purposes involves Institutional Review 
Board (IRB) approval and training in the protection of human 
subjects in research (see Note 4).

In addition to the aforementioned institutional resources, there are 
several publicly accessible repositories of de-identified EHR data 
that are each associated with an approval process (e.g., requiring 
IRB approval or a Data Use Agreement). These include the 
following:

 ● Multiparameter Intelligent Monitoring in Intensive Care II 
(MIMIC-II) research database [27, 28]—intensive care unit 
data from Beth Israel Deaconess Medical Center.

 ● i2b2 NLP Research Datasets [29]—discharge summaries from 
Partners HealthCare that have been used in a series of NLP 
challenges (e.g., for de-identification [30], smoking status 
[31], and medications [32]).

 ● Integrating data for analysis, anonymization, and sharing 
(iDASH) Data Repository [33, 34]—open, community- 
serving, crowd-sourced resource for high-quality collections of 
medical data, including images and text.

3 Methods

The DKD process aligns with the DIKW hierarchy that represents 
the relationship between data, information, knowledge, and wis-
dom [35]. As depicted in Fig. 1, the DKD process involves the 
following: Data selection—identifying and extracting data from the 
EHR (through the EDW) and potentially other sources for a par-
ticular application or study; preprocessing—de-identifying, clean-
ing, and enriching the dataset, which may include the use of NLP 
techniques for unstructured data and applying standards for inte-
grating structured data; transformation—reducing and converting 
the dataset in preparation for the data mining step; data mining—
choosing and implementing the algorithms for generating pat-
terns; and interpretation/evaluation—visualizing and validating 
the patterns, which may lead to revising and reiterating through 
the previous steps. The result of this process is the validation 
of known knowledge and perhaps more significantly the potential 
discovery of new disease knowledge. Key issues underlying these 
steps include data privacy and security (see Note 4) and standards 
(see Note 5).

2.3 Other Resources

Mining the EHR for Disease Knowledge
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 1. The driving example in this section will be a study focused on 
identifying comorbidities associated with type 2 diabetes melli-
tus (henceforth referred to as the “diabetes comorbidity study”).

 2. For additional examples, there are several studies involving the 
use of NLP to extract information from clinical notes (e.g., 
discharge summaries) and biomedical literature (e.g., 
PubMed/MEDLINE) to acquire disease–disease [11, 12], 
disease–finding [36, 37], disease–drug [38, 39], and disease–
symptom [40, 41] relationships.

 3. Other example studies have focused on structured data such as 
billing diagnoses, problems, procedures, medications, labora-
tory results, and vital signs to generate disease co-occurrences 
(e.g., disease–disease [13], disease–drug [42, 43], disease–lab 
[42, 43], disease–procedure [44], and disease–gene [45]).

 4. While the aforementioned examples are focused on pairwise 
associations that do not take into consideration time or the 
sequence of events, there have been studies focused on the 
discovery of larger associations (e.g., triplet combinations such 
as disease–disease–disease [46]) and temporal associations 
[47], which are out of scope for this protocol.

Prior to starting the DKD process, there should be a good under-
standing of the application of interest in order to guide each of the 
steps. For example, high-level questions include the following:

 ● How to access, extract, and protect the EHR data?
 ● What type(s) of EHR data to use (e.g., structured diagnoses or 

unstructured discharge summaries)?
 ● Are NLP techniques needed to process unstructured data?
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 ● What standards have been used or what standards can be 
applied to facilitate data integration?

 ● How to select and identify the patient cohort (e.g., focus on 
particular disease(s) or specific time frame)?

 ● Which data mining techniques to select and implement?
 ● How to evaluate (e.g., involve clinical experts or compare 

results to medical knowledge resources)?
 ● What are anticipated uses of the discovered knowledge?

The goal of data selection is to create a target dataset by first iden-
tifying a cohort based on a set of inclusion/exclusion criteria and 
then extracting the requisite data. Depending on the institution, 
there may be resources and tools available to facilitate cohort iden-
tification and data extraction (see Note 3).

 1. Criteria that can be used for cohort identification include 
patient demographics (e.g., age, sex, race/ethnicity, and zip 
code), encounters, diagnoses, procedures, medications, and 
laboratory results. These latter four types of data may be asso-
ciated standardized codes such as ICD, CPT, RxNorm, and 
Logical Observation Identifiers Names and Codes (LOINC), 
respectively (see Note 5). In addition, keyword searching, 
regular expression matching, or NLP could enable the use 
of clinical notes and reports for meeting specified  criteria (see 
Note 2).

 2. The cohort identification process is often challenging due to 
heterogeneous data sources, lack of standards, and wealth of 
unstructured text. Recent efforts in “EHR-based phenotyp-
ing” have been focused on the development and validation of 
standardized phenotyping algorithms [48, 49]. For example, 
Phenotype KnowledgeBase (PheKB) [50], developed as part 
of the Electronic Medical Records and Genomics (eMERGE) 
Network [51], includes algorithms for conditions such as cata-
racts, dementia, and type 2 diabetes mellitus. This latter algo-
rithm defines a set of data elements (e.g., lists of ICD-9-CM, 
RxNorm, and LOINC codes associated with both type 1 and 
type 2 diabetes mellitus), definitions (e.g., abnormal lab values 
such as a hemoglobin A1c ≥6.0 %), and logic for identifying 
cases and controls. Depending on the study, further criteria 
could be applied such as limiting to patients with encounters 
during a specified time period (e.g., January 1, 2012, to 
December 31, 2012) or a specific age group (e.g., children 
[<18] or adults [≥18]).

 3. Once the cohort has been identified, the next step is data 
extraction. This process involves determining what data are 
needed for those patients, what is available in the EDW, 
and how to obtain and securely store the resulting dataset. 

3.3 Data Selection
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For the diabetes comorbidity study, potential data types 
include billing diagnoses where a single patient encounter 
may be associated with multiple ICD codes (Fig. 2a); prob-
lem lists where an entry may be associated with a name and 
code (from ICD or other coding systems such as 
Systematized Nomenclature of Medicine—Clinical Terms, 
SNOMED CT), status (e.g., active, inactive, or resolved), 
onset date, and other information (Fig. 2b); and clinical 
notes that typically include information such as note type 
(e.g., progress note, consult note, or discharge summary) 
and author type (e.g., attending or resident) as part of the 
metadata (Fig. 2d; adapted from [52]). Each of these data 
types offers a unique perspective (e.g., administrative vs. 
clinical and structured vs. unstructured) and could be ana-
lyzed individually for comparison or collectively.

 4. As part of the formal EDW data request, the request type 
(e.g., aggregate, de-identified, or identified dataset), data 
types, specific data elements, and any additional restrictions 
should be provided for creating the data extract (see Notes 3 
and 4). These additional restrictions could include retrieving 
billing diagnoses for a specific time period (e.g., last 5 years), 
limiting to active problem list entries, and obtaining only the 
most recent consult note. Depending on the request type, the 
resulting dataset should be stored in the appropriate environ-
ment for further analysis (see Note 4).

Date Codes

2012-08-26
2010-10-14

2013-04-07

250
250_401.9
250_401.9_585.4

250 = Diabetes mellitus; 401.9 = Unspecified essential hypertension; 
585.4 = Chronic kidney disease, Stage IV (severe)

Name
Diabetes mellitus type 2
Hypertension
Obesity

Code
44054006
38341003
414916001

Status
Active
Active
Resolved

Onset Date
2010
October 2012

Hyperlipidemia 55822005 About a year ago

Preferred Name
Diabetes mellitus type 2
Diabetic nephropathy
Chronic kidney disease stage 4

Code
C0011860
C0011881
C2317473

Hypertension C0020538
Hypercholesterolaemia C0020443
Hyperlipidaemia C0020473

Semantic Type
Disease or Syndrome
Disease or Syndrome
Disease or Syndrome
Disease or Syndrome
Disease or Syndrome
Disease or Syndrome

HISTORY OF PRESENT ILLNESS: This is a 72-year-old 
female with a past medical history of chronic kidney disease, 
stage 4; history of diabetes mellitus; diabetic nephropathy; 
peripheral vascular disease.

PAST MEDICAL HISTORY:
1. Diabetes mellitus type 2.
2. Diabetic nephropathy.
3. Chronic kidney disease, stage 4.
4. Hypertension.
5. Hypercholesterolemia and hyperlipidemia.

SOCIAL HISTORY: Negative for smoking and drinking.

MEDICATIONS: NovoLog 20 units with each meal, Lantus 30 
units at bedtime, Crestor 10 mg daily, Lasix 20 mg daily.

Consult Note (Excerpt)

a

b

c

dBilling Diagnoses [ICD-9-CM]

Problem List [SNOMED CT]

NLP-Extracted Concepts from Clinical Note [UMLS)

Clinical Note

Fig. 2 Example EHR data—billing diagnoses (a), problem list (b), and NLP-extracted concepts (c) from clinical 
note (d; content adapted from [52])
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Once the dataset is obtained, major preprocessing tasks include 
de-identification, data cleaning, and data enrichment.

 1. In some cases, the dataset may already be de-identified; how-
ever, in other cases, there may be a need to perform de- 
identification if the dataset includes any of the 18 Protected 
Health Information (PHI) elements as defined by the Health 
Insurance Portability and Accountability Act (HIPAA) in the 
United States (see Note 4).

 2. Data cleaning involves a set of tasks for handling noisy, incom-
plete, and inconsistent data in order to improve data quality 
(e.g., completeness, correctness, concordance, plausibility, 
and currency [53]) [54]. While EHR systems include error 
checking and other functionalities for improving data entry in 
some areas, there is still the possibility for erroneous and miss-
ing values. For example, in a dataset containing ages, there 
may be invalid values (e.g., “1BC” or “1.5.67”), outliers (e.g., 
“−100.0” or “1000000”) or missing or null values. Depending 
on the intended use, options include keeping these cases (e.g., 
if the study goal is to identify comorbidities for the cohort as a 
whole) or removing these cases (e.g., if the goal is to compare 
comorbidities based on particular age groups).

 3. In cases where data originate from different sources, there may 
be variation in content and format where standards could play 
a key role in facilitating data integration (see Note 5). For 
example, use of different timestamp formats (e.g., January 1, 
2013, vs. 01/01/2013) where a standard like ISO 8601 for 
the representation of dates and time could be used (e.g., YYYY-
MM- DD or YYYYMMDD) [55]. Another example of refor-
matting is separating data that may be concatenated within a 
single field such as in Fig. 2a where each diagnosis (represented 
by an ICD-9-CM code) is delimited by the “_” character.

 4. Data enrichment is focused on enhancing the dataset, which 
may involve NLP, standards, and other external sources such 
as the Unified Medical Language System (UMLS) [56]. For 
datasets including unstructured data, NLP techniques can be 
used to extract, structure, and encode disease and other infor-
mation from clinical notes (either the entire note or particular 
sections within the note) with UMLS concepts (see Notes 2 
and 5). Figure 2c depicts the UMLS concepts (represented by 
Concept Unique Identifiers [CUI]) and semantic types identi-
fied from the Past Medical History section of the clinical note 
in Fig. 2d.

 5. As described earlier, billing diagnoses, problem lists, and clini-
cal notes can each provide disease information; however, there 
may be challenges integrating these sources due to use of 

3.4 Preprocessing
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 different coding systems (e.g., local terminology vs. ICD-
9-CM vs. SNOMED CT) and different levels of granularity 
(e.g., “Diabetes mellitus” vs. “Diabetes mellitus type 2”). 
Resources such as the UMLS, which contains over 150 source 
vocabularies and provides linkages between them (e.g., map-
pings between ICD-9-CM and SNOMED CT), can be lever-
aged to facilitate integration and potentially handle granularity 
issues through the use of hierarchical relationships. For exam-
ple, for hypertension, ICD-9-CM code 401.9 and SNOMED 
CT code 38341003 are linked through UMLS CUI C0020443 
(Fig. 2a–c).

After completing the preprocessing tasks, the next step is to reduce 
and convert the dataset in preparation for the data mining step.

 1. Among the data reduction strategies are aggregation, general-
ization, and dimensionality reduction. In the context of the dia-
betes comorbidity study, a particular disease may be mentioned 
multiple times in the billing diagnoses across encounters, repre-
sented at different levels of granularity in the problem list, and 
mentioned throughout different clinical notes. If the interest is 
only if the disease is present rather than when the disease was 
present (e.g., patient had disease x at time y), then these multi-
ple occurrences could be aggregated into a single occurrence 
(considering time and temporality is the focus of temporal data 
mining [57], which is out of scope for this chapter).

 2. Generalization techniques can also be applied that involve 
transforming specific values to more general ones using 
domain concept hierarchies [58]. For diseases, this could 
involve using customized disease classes defined by clinical 
experts such as the PheWAS code groups for ICD-9-CM codes 
[45, 59], existing classification schemes such as the Clinical 
Classifications Software (CCS) for grouping ICD-9-CM codes 
[60], or leveraging the hierarchies in terminological systems 
such as ICD, SNOMED CT, and UMLS (see Note 5). For 
example, the ICD-9-CM hierarchy can be used to generalize 
specific codes to 250.0 (as depicted in Fig. 3) whereas CCS 
categorizes 250.00 and 250.01 (along with 10 other ICD-
9-CM codes) into “Diabetes mellitus without complications” 
and 250.02 and 250.03 (along with 55 other ICD-9-CM 
codes) into “Diabetes mellitus with complications.”

 3. Dimensionality reduction can be used to limit the number of 
dimensions (or features or attributes) by only selecting or 
transforming those that are essential to the analysis [61]. For 
example, this could involve excluding attributes such as the 
status associated with a problem or combining the status value 
with the problem name (e.g., “Hypertension-Active” or 
“Hypertension-Resolved”).

3.5 Transformation
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 4. Depending on the data mining implementation, there may be 
specific formatting requirements for the dataset. To accom-
modate these and other implementation-specific require-
ments, data conversion needs to be performed. For example, 
the dataset may include one row per disease per patient 
whereas a specific data mining tool requires a single row per 
patient that includes the list of diseases separated by a particu-
lar delimiter (e.g., comma or tab).

Two primary goals of data mining are: (1) prediction for identify-
ing patterns for predicting future behavior based on past behavior 
(e.g., as reflected in historical data) and (2) description for identify-
ing patterns and relationships in data for further exploration [18, 
62]. Predictive tasks include classification, regression, and time 
series analysis, while descriptive tasks include clustering, associa-
tion rules, and sequence discovery. Given the broad array of meth-
ods and algorithms associated with each of these tasks, this section 
focuses on association rules. For comprehensive reviews of data 
mining methods that have been used in biomedicine and health 
care, see refs. 7, 9, 63.

 1. Several open-source tools are available for performing data 
mining tasks and visualizing the results, including Weka and R 
that can be used for association rule mining [64, 65].

 2. Association rule mining (or association rule learning or associa-
tion rule generation) is a commonly used approach to discover 
interesting relationships between items in large datasets [62, 
66]. An important consideration is that association rules con-
vey co-occurrence relationships rather than causality but may 

3.6 Data Mining

Diabetes mellitus
without mention of

complication

250

250.0

250.00 250.02250.01 250.03

… type II or
unspecified type, not

stated as uncontrolled

… type I [juvenile
type], not stated as

uncontrolled

… type II or
unspecified type,

uncontrolled

… type I [juvenile
type], uncontrolled

Diabetes
mellitus

Fig. 3 Portion of ICD-9-CM hierarchy for diabetes mellitus
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serve as a first step for generating hypotheses relating to causal 
relationships. Typically, association rule mining is performed 
on a dataset that includes a set of “transactions” (e.g., patients) 
where each transaction contains a subset of “items” (e.g., dis-
eases) referred to as an “itemset.” A number of algorithms exist 
(e.g., Apriori, Eclat, and FP-Growth [67, 68]) where the gen-
eral algorithm is to first generate frequent itemsets (e.g., com-
binations of diseases that satisfy a specified threshold) and then 
generate rules in the form of X ⇒ Y where X and Y are sets of 
items (e.g., {Diabetes mellitus type 2} ⇒ {Hypertension} or 
{Diabetes mellitus type 2, Hypertension} ⇒ {Obesity}).

 3. While support and confidence are common measures for 
 conveying the strength of each rule, there are a number of other 
established “interestingness” measures that can be used [69, 70]. 
For example, in a comparison of five common measures  (support, 
confidence, chi-square [χ2], interest [or lift], and conviction), χ2 
appeared to produce more accurate  relationships [42] and has 
been the primary statistic used in several studies related to discov-
ering disease associations in the EHR [36, 38, 41]. Other studies 
have used measures such as odds ratio [12, 13], relative risk [71], 
and relative reporting ratio [72].

 4. A known challenge of association rule mining is the potentially 
intractable search space due to the generation of large num-
bers of rules that may be redundant or irrelevant [68]. 
Numerous algorithms and techniques exist for addressing 
these issues that involve filtering or pruning rules to produce a 
more limited and valid set of rules for further review. For 
example, as was described in Subheading 3.5, generalization 
techniques can be used to generate rules at different levels of 
granularity using concept hierarchies.

 5. Another important consideration is ensuring that potentially 
important rules are not missed due to setting thresholds that 
are too high (e.g., for support and confidence values). This is 
known as the “rare item problem” where a variety of tech-
niques have been proposed such as using multiple minimum 
support values [73].

 1. Different visualization techniques can be used to facilitate 
exploration of the resulting patterns. For example, the ability 
to review and interact with patterns represented in a graphical 
network can provide the “big picture” as well as allow users to 
focus on particular parts of the network. There are a number 
of open-source visualization tools (e.g., GraphViz [74] and 
Cytoscape [75]) as well as data mining tools that include visu-
alization (e.g., Weka [76] or Orange [77]).

 2. For assessing the validity of patterns, one or more clinical 
experts are often involved who manually review the patterns 

3.7 Interpretation/
Evaluation
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(all or a subset) to determine if each one is “known” or 
“unknown” (and thus potentially novel) as well as provide any 
interpretations or explanations. For example, in a study 
focused on identifying disease-finding associations in discharge 
summaries, the evaluation involved having two experts cate-
gorize each association as a “direct association,” “indirect 
association,” or “non- association” [36, 37].

 3. Other validation approaches involve the use of established 
medical knowledge sources such as biomedical literature (e.g., 
PubMed/MEDLINE and CINAHL) and medical references 
(e.g., Micromedex and UpToDate). In one published study, 
searches for supporting literature in PubMed/MEDLINE 
were conducted for both well-known and unknown (or poorly 
known) disease associations identified from free-text problem 
list entries [13]. Another pair of studies involved the use of 
the Lexi-Comp drug reference database, Mosby’s Diagnostic 
and Laboratory Test Reference, Harrison’s Principles of 
Internal Medicine, eMedicine, and UpToDate to validate 
disease–drug and disease–laboratory associations generated 
from structured EHR data [42, 43]. Other studies have 
involved comparing disease–disease and disease–drug associa-
tions generated from EHR data with those obtained from bio-
medical literature using text mining approaches [12, 38, 39].

 4. For the diabetes comorbidity study, a search for “Diabetes 
Mellitus, Type 2”[mh] AND “Hypertension”[mh] returns 
almost 6,000 articles (as of September 18, 2013), thus sug-
gesting support for this association in the literature. Manual 
review of a subset of these articles would then be required to 
fully validate an association between these two diseases.

4 Notes

 1. EHR Systems: As described in the 2003 Institute of Medicine 
report on “Key Capabilities of an Electronic Health Record 
System,” criteria for these systems include the following: (1) 
improve patient safety, (2) support the delivery of effective 
patient care, (3) facilitate management of chronic conditions, 
(4) improve efficiency, and (5) feasibility of implementation 
[22]. To address these criteria, eight categories of core func-
tionality for an EHR system are defined: (1) health informa-
tion and data, (2) result management, (3) order entry/
management, (4) decision support, (5) electronic communi-
cation and connectivity, (6) patient support, (7) administrative 
process, and (8) reporting and population health management 
[22]. Options for EHR implementation range from home-
grown (e.g., StarChart/StarPanel at Vanderbilt University 
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Medical Center [78]) to commercial (e.g., Cerner [79] and 
Epic [80]) to open-source (e.g., OpenVista [81]) systems. 
While organizations such as Health Level 7 (HL7) [82] have 
been actively involved with defining and developing EHR 
standards, there is often variation in features and functions as 
EHR products evolve where particular systems may be more 
advanced in some areas than others [25]. In addition, an insti-
tution may have multiple EHR systems (e.g., one vendor for 
inpatient and another for outpatient) and institution-specific 
customizations may lead to variations in how and where data 
are collected. In considering secondary uses such as research, 
the heterogeneous nature of EHR systems needs to be consid-
ered and accounted for.

 2. NLP: Automated methods such as NLP enable a new level of 
functionality by providing a means to extract, encode, and 
structure relevant information from free text in a timely fash-
ion [83]. With respect to healthcare data, the development 
and use of NLP tools can facilitate the capture and exchange 
of essential information for a variety of subsequent uses rang-
ing from patient care to quality reporting to research. A variety 
of NLP algorithms and systems have emerged over the last few 
decades to support the tasks of extracting information cap-
tured within clinical (e.g., discharge summaries and progress 
notes) and biomedical (e.g., literature) text for EHR enrich-
ment, decision support, surveillance, terminology manage-
ment, and text mining [84]. Many of these systems are focused 
on extracting named entities (e.g., diseases, medications, or 
procedures), identifying contextual information such as nega-
tion and temporality (e.g., “no hypertension” and “myocardial 
infarction five years ago”), and may also provide mappings to 
an appropriate standard such as ICD-9-CM, SNOMED CT, 
and UMLS [85, 86]. This standardized encoding of informa-
tion provides domain knowledge and is essential for promot-
ing interoperability and facilitating subsequent analyses such as 
data mining (see Note 5). Example systems include Medical 
Language Extraction and Encoding (MedLEE) system devel-
oped at Columbia University [87–89], MetaMap from the 
National Library of Medicine [90], clinical Text Analysis and 
Knowledge Extraction System (cTAKES) released by the Open 
Health Natural Language Processing Consortium [91], and 
Health Information Text Extraction (HITEx) that is part of 
the i2b2 framework [92] (see Note 3).

 3. Data Warehouses: In recent years there has been increased 
attention to the development and use of data warehouses that 
integrate administrative, clinical, biomedical, and research 
data from EHR and other systems. Depending on the institu-
tion, different names may be used such as Clinical Data 
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Warehouse, Research Data Warehouse, EDW, Integrated Data 
Warehouse, or Integrated Data Repository [26]. One promi-
nent example is the i2b2 (Informatics for Integrating Biology 
and the Bedside) framework that has been adopted by over 60 
academic health centers nationally and internationally [93]. 
The open-source i2b2 platform can be used for de-identified 
cohort discovery and hypothesis testing by researchers as well 
as for creation of identified datasets with the requisite approv-
als (see Note 4). To enable federated queries between i2b2 
instances, Shared Health Research Information Network 
(SHRINE) implementations can be created for data sharing 
and cohort identification across institutions [94]. In addition 
to i2b2, other examples include the Synthetic Derivative at 
Vanderbilt University [95], Stanford Translational Research 
Integrated Database Environment (STRIDE) at Stanford 
University [96], the Enterprise Data Trust at Mayo Clinic 
[97], Biomedical Translational Research Information System 
(BTRIS) at the National Institutes of Health [98], and 
Translational Research Informatics and Data Management 
Grid (TRIAD) at Ohio State University [99]. Many of these 
systems provide an interface that allows researchers to first 
search for cohorts based on specified criteria (e.g., demo-
graphics, ICD diagnosis codes, and CPT procedure codes). 
After a cohort has been identified, there is typically a formal 
request and approval process for obtaining a data extract con-
taining de-identified or identified data (see Note 4).

 4. Data Privacy and Security: With the increased sharing and use 
of electronic health data for research purposes, attention to 
data privacy and security issues is essential [100–103]. In the 
United States, the Health Insurance Portability and 
Accountability Act (HIPAA) is aimed at protecting the privacy 
of an individual’s health information [104]. HIPAA includes 
two major rules: (1) Privacy Rule that governs the use and 
disclosure of PHI and (2) Security Rule that specifies a series 
of administrative, physical, and technical safeguards. Following 
the HIPAA Privacy Rule, a “de-identified” dataset is one 
where the 18 defined PHI elements (e.g., names, addresses, 
dates, ages, and unique identifying numbers) are removed 
using either the safe harbor method or expert determination 
while a “limited” dataset involves removal of 16 of these ele-
ments and maintains dates and geographic information [105, 
106]. For datasets including unstructured data (e.g., clinical 
notes), text de-identification approaches are needed to remove 
or mask these PHI elements [107]. While a de-identified or a 
limited dataset typically include codes or “pseudonyms” for 
enabling re-linkages to individuals if needed, an “anonymized” 
dataset does not maintain any linkages [108]. However, despite 
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the use of de-identification and anonymization techniques, there 
may still be risks of misuse and re- identification [109]. Thus, 
researchers have the ethical and legal obligation as well as the 
responsibility to adhere to both local and federal regulations in 
the protection of human subjects and responsible conduct of 
research, including receiving the requisite training and con-
ducting research in a HIPAA-compliant environment. For 
institutional data warehouses (see Note 3), there are typically 
several categories of requests that align with different levels of 
privacy: aggregate counts, limited dataset, de- identified data-
set, and identified dataset [110]. Each of these request types 
may be associated with a set of required approvals (e.g., IRB) 
and forms (e.g., Data Use Agreement [DUA]).

 5. Standards: To support semantic interoperability, there is a 
need for common representations and use of vocabulary stan-
dards for specifying the syntax and semantics of health infor-
mation [111, 112]. Vocabulary standards include International 
Classification of Diseases (ICD) for diagnoses where the tran-
sition from ICD-9-CM (Ninth Revision, Clinical Modification) 
to ICD-10 is under way [113]; Current Procedural 
Terminology (CPT) for procedures [114]; LOINC for labora-
tory and other clinical observations [115, 116]; RxNorm for 
clinical drugs and drug delivery devices [117, 118]; SNOMED 
CT for comprehensive coding of health information [119]; 
and Medical Subject Headings (MeSH) for indexing biomedi-
cal literature [120]. The aforementioned standards are among 
the 150 source vocabularies integrated within the UMLS 
Metathesaurus, developed at the National Library of Medicine, 
that includes millions of concepts and their relationships, thus 
providing linkages between the source vocabularies [56, 121]. 
Complementary resources such as the BioPortal maintained 
at the National Center for Biomedical Ontology (NCBO) 
offer additional concepts from those vocabularies that may not 
be part of the UMLS [122, 123].
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