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ABSTRACT
Continuous advancements in biomedical research have resultedpiodhetion of vast
amounts of scientific data and literature discussing thehe Tiltimate goal of
computational biology is to translate these large amounts of data intblaiudedge of
the complex biological processes and accurate life science sndthel ability to rapidly
and effectively survey the literature is necessary ferctieation of large scale models of
the relationships among biomedical entities as well as hypstgeseration to guide
biomedical research. To reduce the effort and time spent in performing thigges, an
intelligent search system is required. Even though many syséedhin navigating
through this wide collection of documents, the vastness and deptis ahfirmation
overload can be overwhelming. An automated extraction system coupthed @agnitive
search and navigation service over these document colleetmnrd not only save time
and effort, but also facilitate discovery of the unknown inforomaimplicitly conveyed
in the texts. This thesis presents the different approagexsfor large scale biomedical
named entity recognition, and the challenges faced in eadsolpeoposes BioEve: an
integrative framework to fuse a faceted search with infaomaextraction to provide a
search service that addresses the user's desire for "tengsig"' of the query results, not
just the top-ranked ones. This information extraction system enatiscovery of
important semantic relationships between entities suckrassgdiseases, drugs, and cell
lines and events from biomedical text on MEDLINE, which is thegdst publicly
available database of the world’s biomedical journal litega It is an innovative search
and discovery service that makes it easier to searchatavand discover knowledge
hidden in life sciences literature. To demonstrate the utilithisfsystem, this thesis also

details a prototype enterprise quality search and disg®evice that helps researchers



with a guided step-by-step query refinement, by suggesting coneepished in

intermediate results, and thereby facilitating the "discover noyeasearch” paradigm.
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Chapter 1

INTRODUCTION
The discovery of the human gene and rapid developments inaimediical domain has
produced large amounts of genetic data resulting in exponentialhgadwiiomedical
literature. In recent years efforts to analyze this data been correspondingly
constrained by the challenge of organizing and analyzing it. Tremcyf this task and
the reward of even partial success in its accomplishment deavsed the development
and interoperability between diverse web-based representatiotekdé center stage.
Much of the valuable knowledge gained is found in published artidesgls and thus
in un-structured textual form. MEDLINE, the primary researchalse currently
contains more than 20 millibmbstracts covering from 1948-present. The growth rate of
MEDLINE database is expected to be 400,000 articles per yetgsér 2005). This
data makes the task of expert database curators and resji¢gavercognize and discover
important connections between biomedical entities, verytsdand time consuming.
There is a need to understand user interest and retrieve néwehation, which may
otherwise be obscured by the sheer volume of biomedical literdfoms to help
researchers achieve this while coping with the information caérbre therefore the
solution. The BioEve Discovery Engfis an innovative search and discovery service
that makes it easier to search/navigate and explore (RyewMWe 2006) knowledge
hidden in life sciences literature.
Bio-Eve’s intuitive and cognitive interface enables discpvef important semantic

relationships between entities like drugs, diseases, aresge highlights these to truly

! http://www.cas.org/ASSETS/BF043DBCE4274170A03561C274C671D2/medline.pdf

2 BioEve discovery engine received 2010 ASU Innovation Challenge grant fomiiorov
and impact,See http://innovationchallenge.asu.edu/winners2010.html and
http://asunews.asu.edu/20100506 _innovationchallenge
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facilitate the “discover more as you search” paradigm. BioEsa be accessed
heré:(http://www.bioeve.org/, Use Firefox/Chrome/Safari browser dstdr experience),
and currently has 1,908,682 abstracts annotated, classified, and indexeth enome
sequencing marked the beginning of the era of large-scale genami proteomics,
leading to large quantities of information on sequences, intenactiand their
annotations. Many experimental findings are reported in the -olibécature, where
researchers have access to over 20 million publications, (00 to 4,500 new ones
every day (source: PubMed citation infex

This vast increase in available information demands navategies to help
researchers to keep up-to-date with recent developments. Tioolsl provide dedicated
and intuitive strategies that help to find relevant litenat starting with initial keyword
searches and drilling down results via overviews enriched witto @generated
suggestions to refine queries. BioEve (http://www.bioeve.org/igeswsemantic faceted
search with real time query refinement, where users can quiefkhe their queries and
drill down to the articles they are looking for in a matteseconds, corresponding to a
few number of clicks. BioEve can identify hidden important seroarglationships
between entities like drugs, diseases, and genes, and highlightalesrable “discover

more as you search.”

® Firefox/Chrome/Safari/Opera browsers are recommended &ster fexperience
* PubMed: http://www.pubmed.gov

2



MEDLINE BioEve Search
{abstracts) 6 <:\ Interface

"

Extraction and Annotation Engine
{gene/ protein, chemicals/drugs, _f\:
diseases, cell-types etc)

Pre-Processing
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Figure 1.1 BioEve system overview

1.1 MOTIVATION

The motivation behind this thesis work is to develop a systemhwdain identify
hidden relationships between entities like drugs, diseases andagehbighlights them,
thereby allowing the researcher to not only navigate thatlitex, but also to see entities
and the relations they are involved in immediately, without hatdgngad the article text
fully, thus providing another aspect of searching relevantlesti¢igure 1.2 illustrates
the motivation for this work which is to facilitate the following paggais:
Knowing what keywords to search
How to refine and narrow large set of results returned
Insights into important relationship will be of tremendous help
Faster and easier way to locate relevant articles with fewekglioan reading pages of
text
Discover more as you search, and refine or expand search on the fly with dynamic

interface



Motivation: Discover more as you
narrow down the search

Total number of PubMed abstracts available in thesystemi.e.
1918682.

Start search with Benzene (drug)

Refine the search
with one of the
search criteria

/ 1986 abstracts + Leukemia (disease)

Refining further
with cell type and
70 abstracts + Neutrophils(cell type) gene suggestedby
system
3 abstracts + Hemoglobin(gene)

Returnsthetop

2 abstracts relevant abstracts

PubmedID: 7064811

A previous epidemiologic study ofthe U.S. rubber industry indicated that
there has been an excess of leukemia .... exposurelevels for styrene,
butadiene, benzene and toluene......lower levels of circulating erythrocytes,
hemoglobin, platelets and neutrophils.. ..

Top abstract
returned as the
search result

Figure 1.2 Motivation
The figure shows the total number of abstracts (1918682) taken fromefubiMabase
maintained by United States National Library of Medicine. ThbMRed database has a
rich and up to date collection of biomedical literature, and id bgea lot of applications
as well as researchers in biomedical domain. Tools should provide dedacat intuitive
strategies that help to find relevant literature, startiitg witial keyword searches and
drilling down results via overviews enriched with auto-gemelatuggestions to refine
gueries. BioEve (http://www.bioeve. org/) provides semantic éacekarch with real
time query refinement, where users can quickly refine thedries and drill down to the
articles they are looking for in a matter of seconds, to wharmespondence should be

addressed corresponding to a few number of clicks. BioEve can identify hidden irhportan

® http://www.ncbi.nlm.nih.gov/pubmed
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semantic relationships between entities like drugs, diseasdsgenes, and highlight
them to enable discover more as you search. Consider an exampéethéheesearcher
wants to study the relation betweleenzene, leukemiand Neutrophils cells Need is to
find all the top relevance abstracts about the experimendibstexplaining the relation
between these two entities. As shown in the figure, the nunfieystracts which talks
aboutbenzenés 1986. Searching further, the users would want to go through top relevant
abstracts for the given query. As shown, the disekas&emiaselection narrows down
the resulting abstract set to 70. Going further ahead in makore filter choices, by
including Neutrophils cell types in the filter criteria narrows it further dowm 3
abstracts. Required is the system which suggests top relwvarftequently occurring
bio medical entities meaningful to the user's search queryhwiimuld be full filled
further when the system suggestemoglobinas the top relevant gene reducing the
number of top relevant abstracts count to 2.Thus, the aim hieregduce the number of
abstracts for researchers to top relevant ones to through sthdging about entity
relationships. Additionally, the aim is also to implement tagmg@igm “discover more as
you search” by identifying other important relationship amongiestiwhich otherwise
goes unnoticed.
1.2 THESIS OUTLINE

The primary objective of this work is to develop a framewpr&viding web
based search interface in biomedical field, which would hel@relsers and scientists in
faster discovery of connections and patterns between differ@midical entities. After
identifying the entity types like drugs, diseases, chemigaise and proteins, we index
them on Solr to aid in performing faceted search. The majorilootiom of this work is
to identify biomedical entities and phrases indicating tleemnections and facilitate

users to discover and study these connections as well as disewearatterns among
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these entities. Chapter 2 discusses the related work supportirgmoach. Chapter 3
describes the BioEve: novel integrative system ardhitecin detail, explaining each
building block of this framework. We recognized different typésio entities and
biomedical terms and tagged them to facilitate facetedtlseRifferent entities tagging
approaches are elaborately discussed in Chapter 4.

. Chapter 5 describes the annotation mechanism for bio entitiesvants. Chapter 6
details the BioEve: web-based user interface and guidelimésw to use it and the user
feedbacks and comments about this system. Chapter 7 summthizesork and

describes the future work to be done on this BioEve system.



Chapter 2

BACKGROUND AND RELATED WORK
The vast amount of biomedical information available on share@mgslike PubMed
requires a way to identity hidden relationships between entikie drugs, diseases and
genes and highlights them, thereby allowing the researcher tonhotnavigate the
literature, but also to see entities and the relations theynaolved in immediately,
without having to read the article text fully, thus providimgpther aspect of searching
relevant articles. The existing web-based search intarfaczvide the bridge between
Information Extraction (IE) and Information Retrieval (IR). Hawe current need is to
assist the researchers and scientists in faster, snsadeches and pattern discoveries
while studying the existing knowledge base. Information extmacflE) is a process
which selectively structures and combines data found implicitlgxgticitly in one or
more texts (for e.g. biomedical literature) including extractingties, relations, and
events. Typical key areas of information extraction in bionadiomain research are
named entity recognition, co-reference resolution, terminologyra&ion, and
relationship extraction (for e.g. extracting protein - protein iot@masy.
2.1 INFORMATION EXTRACTION FROM BIOMEDICAL TEXT
The last two decades have seen unprecedented growth in both the prodfiction
biomedical data and amount of published literature discussingdAdtances in
computational and biological methods have remarkably changed teeosdaomedical
research. Complete genomes can now be sequenced within months andeeks
(Shatkay 2005), computational methods expedite the identificaticgnsfdf thousands
of genes and large-scale experimental methods. The main deeeltspmthis area have

been related to the identification of biological entitiesr{ed entity recognition), such as

® http://en.wikipedia.org/wiki/Information_extraction
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protein and gene names in free text, the association of gestersl obtained by
microarray experiments with the biological context provided by tlrresponding
literature, automatic extraction of protein interacti@ml associations of proteins to
functional concepts (e.g. gene ontology terms). Using conventiagthlons for finding
implicit and explicit information from this huge collection dkklature is very difficult.
Hence the need for new information extraction methods in biomedixgaintining is
needed. Though scientists in the field are aided by many onliabas&ts of biochemical
interactions, currently a majority of these are labor intensimglgited by domain experts.
Information extraction from text has therefore been pursuedebctas an attempt to
extract knowledge from published material and to speed up the cunatomess
significantly. The most used online source of biomedical rditees is
PubMed/MEDLINE database, which is maintained by National Center of Bioteogyol
Information (NCBI) and contains over 20 million scientific abgsac

Two of the main obstacles in the way of fully automatic exwactif facts from
free-form natural language text are ambiguity and variabfity example, even a simple
relationship such as one protein binding another can be expressedrpriaing number

of ways; twenty two ways are shown in the table below (Pyysalo 2008):

" http://www.ncbi.nlm.nih.gov/pubmed/
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1. el binds e2 12. el has been implicated in e2 binding
2. el cross-links e2 13. el binding region of e2
3. binding of el to €2 14. el is secreted as a protein that binds
4. el binding to e2 e2
5. binding to el by e2 15. affinity of el for e2
6. el is able to bind to e2 16. el regulates e3 by binding to e2
7. el is shown to bind e2 17. association of el with e2
8. el is an antigen known to bind e2 18. el is directly associated with e2
9. el (an e2-binding protein) 19. el, which binds to e2,
10. partners that associate with el: e2 and 23. el is a receptor for e2
11. el isinvolved in binding to e2 21. el binding sites of e2
22. el is expressed as a receptor for 2

Table 2.1 Protein-Protein Binding relationships
Most efforts, concerned with information extraction in biomedilcathain, are focused in
using curated lexica or natural language processing forifiglagtrelevant phrases and
facts in text. Information extraction from free-text utilizefsallow-parsing techniques
(Walter Daelemans 1999), Parts-of-Speech (Brill 1992), noun ahdptease chunking
(Andrei Mikheev 1997), verb subject and object relationships @Valaelemans 1999),
and learned (Mary Elaine Califf 1999), (Mark Craven 1999), (Segr{o11999) or hand-
build patterns to automate the creation of specialized databaswsuaMpattern
engineering approaches employ shallow parsing with patterndraxiethe interactions.
In the (Ono T 2001) system, sentences are first tagged usiimgjanary based protein
name identifier and then processed by a module which extraciaciites directly from
complex and compound sentences using regular expressions basedobspeeth tags.

IE systems look for entities, relationships among those esytitir other specific facts
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within text documents. The success of information extractioperm#s on the
performance of the various subtasks involved.

In the biomedical context, the first step toward information etitracis to
recognize the names of proteins (Fukuda K 1998), genes, drugs anchotbeules. The
next step is to recognize interaction events between sucleer{laschke C 1999),
(Christian Blaschke 2002), (Thomas J 2000), (Ono T 2001), (Udo Hahna2@0@en to
finally recognize the relationship between interaction events.

With advent of Multi-core machines, and cheaper hardware cosliepaation
and distributed processing are attractive alternatives focepsing extremely large
collections. Information extraction is particularly amenabledrallelization, as the main
information extraction steps, (e.g., part-of-speech tagging, shaljmtactic parsing,
named entity recognition) operate over each document independ&itiyhén Dill
2003). Most parallel data mining and distributed processing acthies (e.g., Google’s
MapReducg or Apache Hadodpcan be easily adapted for information extraction over
large collections.

Large scale systems for information extraction include nuhffigrent classifiers
and extractors. In systems containing may learned componestanpartant to cleanly
share information between the components and to flexibly seqtiemections of the
components, (Cohen 2003), discuss how to cleaning share informatiaeehet
components.

2.2 TEXT CATEGORIZATION
Text Categorization, is labeling of natural language textls thematic categories from a

predefined set of category-tags. There are two main approdaih@sledge Engineering

® MapReduce: http://labs.google.com/papers/mapreduce.html
° Hadoop: http://hadoop.apache.org/
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and Machine Learning. While Knowledge Engineering approachesorelg domain
expert to specify the classification rules, machine learnppgoaches are automated and
prevalently use various clustering and classification algosthn@onventional
classification algorithms are often augmented using feawlert®on procedures that
enhance the categorization of documents. Word co-occurrences wiltbgmgaised for
the semantics of the words are also used in the classificaticmocuments. The
CONSTRUE (Philip J. Hayes 1990) system follows the knowledge engigegproach,
where the rules are specified as a disjunction of conjundiaases. The machine
learning (ML) approach need existence of a training set of docanargady classified
into set of categories. There are two kinds of ML-baséegosization, known as hard
and soft classification. Hard classification assigns a trathe (either True or False) to
each document, where as soft classification gives a rankinge(byance) to each
document.

2.3 NAMED ENTITY RECONGITION

Entity extraction or Named entity identification is the proa#ssientifying the words or
phrases of interest such as genes, proteins, protein fandliegs, chemicals and
pathways in text. Entity identification has also been thoroughly researchetheyesats,
with various challenges such as the BioCre&tiand shared tasks in conferences
addressing the issues and evaluating the performances usingococarpora. The
simplest and frequently used approach to entity identificatian dgctionary matching
approach where the entity names are compiled as a dictionaeysiridg match with an

entry in the dictionary tags the words or phrases as gene or protein names.

10 http://www.pdg.cnb.uam.es/BioLINK/BioCreative.eval.html
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A variety of publicly available databases provide the ressufor entity names. NCBI's
LocusLink™ and HUGC? are among the databases that provide gene and protein names
and their synonyms.

Entity Identification systems generally use rule based approauie machine
learning techniques to mark the phrases of interest in texa.fisled approaches rely on
regular expressions and heuristic rules to identify gene ndro&ada et al. follow a
combination of regular expressions and expansion rules to identife swogtl and multi-
word gene names. Some of the machines learning approaches doftoW¢ER include
decision trees, Bayesian classifiers, hidden markov modefativte error reduction,
boosted wrapper induction and support vector machines. The ABGenen dyste
Tanabe and Wilbur (Lorraine Tanabe 2002) uses the Brills tagdearn transformation
rules to tag the gene and protein names in text. The aikesased on the word
occurrences, neighboring words and part of speech tags of the wortteareighbors.
Research in entity recognition has resulted in the developmematiotis corpora for the
purpose of providing a benchmark for the entity recognition systems. TheAGEBNuUS,

a hand -annotated corpus of abstracts from over 2000 MEDLINE articles on human blood
transcription factors uses the GENIA ontology to tag cosceptext. ABNER (Settles
2005)system uses Conditional Random fields (CRF), complemented kst af s
orthographic and semantic features to identify proteins, gee#dines and cell types.
Semantic features were in the form of hand curated lexiemalsones drawn from
databases and Google data sets. Addition of these semantie$eatorked well for

classification of low frequency classes in the corpus.

1 http://www.ncbi.nlm.nih.gov/pro jects/LocusLink/
12 http://www.gene.ucl.ac.uk/nomenclature/
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2.4 INFORMATION RETRIEVAL IN BIOMEDICAL INFORMATICS

With the advancement of genomic and proteomic technologies, treasect number of
publications discussing genes and proteins leads to the @tigaati of modern large
scale biology to translate these large amounts of datadhial&nowledge of biological
processes for text mining and interpretation and planning of Eogke experiments.
Information retrieval (IR) (Shatkay 2005) is a necessasy §itep towards text mining. It
is the process of identifying a subset of documents accuratelyefficiently whose
content is most relevant to a user’s need within a largeatimh. Various approaches of
IR includes Boolean queries, index structures, similarity baggmoaches and text
categorization. PubMed applies Boolean query to its search feature.

In the large-scale genomics, many methods to support IR have riesmuced
and developed for e.g. Swanson'’s ‘transitive’ relations theeryindirect links among
entities as clues for yet unknown relationships. This reasomésgfurther studied and
automated by Weeber and Srinivasan and Libbus and Wren. Als&aghatroduced
thematic analysis methods for finding functional relatiorshamong genes (Shatkay
2005).

However, since information retrieval does not look for expyicistated
information in literature, it has the disadvantage of foreshadowing thecameisd facts.
Therefore, to successfully mine the biomedical literatures mmportant to relate the
merits and limitations of the different IR methods.

2.5 KEYWORD AND FACETED SEARCH

PubMed is one of the most well known and used citation indexéisefdrife Sciences. It
provides basic keyword searches and benefits largely fromrartiically organized set
of indexing terms, MeSH, that are semi-automatically assigned to emté. &treenshot

of PubMed Interface is shown in figure 2.1. PubMed also enablek gaarches for
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related publications (Bénel A. 2002) given one or more articles etbeetevant by the
user. A few commercial products are currently availablepghatide additional services,
but they also rely on basic keyword search, with no real disgaredynamic faceted
search. Examples are OvidéRnd Ingenuity Answet§ both of which support book-

marking as one means of keeping track of visited citations.

[ BRI
Search: PubMed - i RSS Savesearch Limits Advanced search Help
PUbWed.gm' _
U.5. National Library of Medicine ‘QUkemla‘ Clear

NMational Inst Health

Display Seftings: (v] Summary, 20 per page, Sorted by Recently Added Sendto Filter your results:
All (229902)
Results: 1 to 20 of 229902 Page! Mext= Lasts=s Review (22445
[[] Reply to Evaluation of PML Immunofiuorescence, flow cytomedtric immunophenotypic analysis. and reverse Free Full Text (46039
1. franscriptase polymerase chain reaction for PML/RARa for rapid diagnosis of acute promyelocytic 2
- Manage Fiters

leukemia.

Ravandi F.

Cancer. 2010 Sep 15. [Epub ahead of prinf] No abstract available. Also try: -

PMID: 20845486 [PubMed - as supplied by publizher] Q
g o p ) acute lymphoblastic leukemia

[7 Evaluation of PML immunofluorescence: flow cytometric immunophenotypic analysis. and reverse acute myeloid leukemia
2 transcriptase polymerase chain reaction for PMU/RAR for rapid diagnosis of acute promyelocytic cell leukemia
leukemia. promyelocytic leukemia

Viarma N, Agarwal C, Varma §.

Cancer. 2010 Sep 15. [Epub ahead of print] Mo abstract available.
PMID: 20845483 [PubMed - as supplied by publisher]

chronic lymphacytic leukemia

.

Titles with your search terms

Novel agents in chronic lymphocytic leukemia:
efficacy andtoh [Clin Lymphoma Myeloma, 2008

[[] Current event-free survival after sequential tyrosine kinase inhibitor therapy for chronic myeloid leukemia
3. Al-Kali A, Kantarjian H, Shan J, Bassett R, Quintas-Cardama A, Borthakur G, Jabbour E, Verstovsek S,
O'Brien 8, Cortes J.
Cancer. 2010 Sep 15. [Epub ahead of prinf]

Therapeutic advances in leukemia and
myelodvsplastic svndrome over il (Cancer. 20081

Figure 2.1: Screenshot of PubMed; Results for query “leukemia”.
Research tools such as EBIMegrovide additional cross-referencing of entities to
databases such as UniPfair to the GeneOntology They also try to identify relations

between entities of the same or different types, such asirpptdein interactions,

13 http://www.ovid.com/site/resources/index_ovidsp.jsp
 http://www.ingenuity.com/products/answers.html

15 EBIMed: http://www.ebi.ac.uk/Rebholz-srv/ebimed/index.jsp
18 http://www.uniprot.org/

7 http://www.geneontology.org/
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functional protein annotations, or gene—disease associationsb®eB® guides users in
their everyday searches by mapping articles to conceptr¢hers, such as the Gene
Ontology and MeSH (Andreas Doms 2005). For each concept found in absttanied
EBIMed by the initial user query, GoPubMed computes a rank based omermes of
that concept. Thus, users can quickly grasp which terms occur frequeeatliding clues
for relevant topics and relations, and refine subsequent gumritocusing on particular
concepts, discarding others.

BioEve can identity hidden relationships between entities like drugs, essaad
genes and highlights them, thereby allowing the researcher tonhotnavigate the
literature, but also to see entities and the relations @neyinvolved in immediately,
without having to read the article text fully, thus providimpther aspect of searching
relevant articles. Screenshot of BioEve Interface is shown in fRy@re

Before we identity semantic relationships between entitissjmportant task in
biomedical text mining is to recognize named entities occurningnstructured article
text, such as genes and diseases. Named entity recognition (NE&pful to identify
relevant documents, index a document collection, and facilitatemafmn retrieval and
semantic searches (Settles 2004).

A faceted search system (or parametric search systesgnpseusers with key
value meta-data that is used for query refinement (Jon&itvem 2008). By using facets
(which are meta-data or class labels for entities suohpernss or diseases), users can
easily combine the hierarchies in various ways to refine atididwn the results for a
given query; they do not have to learn custom query syntax or &otriwir search from
scratch after each refinement. Studies have shown that pesfes faceted search

interfaces because of their intuitiveness and ease of usee{\@mgha 2005). (Hearst

18 http://www.gopubmed.org/web/gopubmed/
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2006) Hearst share their experience, best practices, and desigringsidet faceted
search interfaces, focusing on supporting flexible navigation, ssamitegration with
directed search, fluid alternation between refining and expandinijamce of empty
results sets, and most importantly making users at ease by retaie@lim@ of control

and understanding of the entire search and navigation process (F99&)st 1
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BioEve

Maintained by: Syed Toufeeq Ahmed (Email: toufeeq@gmail.com)

You have Selected:

(click on [X] to remove the entity from the current selection)

[¥] text:leukemia

Search

(press ESC to dose suggestions)

Top Relevant Genes

(click on gene name to add to the current selection)

antibodies balb c57bl cd3 cd34 cd4 cytokine cytokines fab g-csf
gm-csf granulocyte colony-stimulating factor

granulocyte-macrophage colony-stimulating factor growth factors hemoglobin
hla-dr ifn igg igm il-2 il-3 il-6 immunoglobulin interferon interleukin-2
leukemia inhibitory factor lf m2 monoclonal antibodies
monodonal antibody ph1 pha phytohemagglutinin protein kinase c
reverse transcriptase

Top Relevant Drugs

(click on drug name to add to the current selection)

all alpha amino acid aml anll ara-c b balb ¢ cll cml cyclophosphamide cytokine cytokines
cytosine arabineside erythroid glycoprotein hl-60 htlv-i igg k562 m2 methods
methotrexate monocytic MIMa n p p388 retinoic acid M3 truncated tyrosine vincristing

vitro

Top Relevant Diseases

(dlick on diszase name to add to the currant selection)

acute lymphocytic leukemia acute myzlogenous leukemia adenocarcinoma anemia ascites

breast leukemia

rcinoma chronic lymphol

lymphoma melanoma multiple mysloma myslod

Top Relevant Cell Types

(dlick on cell typs name to sdd to the cument selsction)

b cells b lymphocytes blast cells blasts bone marrow cells erythro
granulocytes hematopoietic cells leukemia cells leukemic blasts
leukemic cells teukocytes ymphablasts lymphocytes lymphoid cells
macrophages malignant cells monocytes menonuclear cells myeloblasts myeloid cells
neoplastic cells neutrophils normal cells peripheral blood lymphocytes

peripheral blood monenuclear cells platelets rat basophilic leukemia cells spleen cells
t cells t lymphocytes target cells thymoeytes tumor cells

Top Relevant Cell Lines

(click on cell line name to add to the current selection)

atl cells b-cll bl cells cell cwltures cellline ¢@|| |j@s ol cells cultured cells
hel cells h|-60 h|-60 cells hi-60 leukemia cells hi60 hi60 cells human cell lines
human leukemia cell line human leukemia cell lines

human promyelocytic leukemia cell line hi-60 k562 k562 cells 11210 cells
1210 leukemia cells leukemia cell lines leukemic cell lines m1 cells p3g8 e

p388 leukemia cells rbl-2h2 cells t-cell lines thp-1 thp-1 cells transformed cells
tumor cell lines u837 U837 cells

Top Relevant RNAs
{dlick on RNA name to add to the current selection)

abl mrna bl-2 mrma ber-abl mrna ber-abl transeripts c-fos mma c-jun mma c-myc mma

c-mye rna callular ma chimeric mma fusion mrna fusion transeript fusion transcripts

globin mrna il-1 beta mma il-6 mrna |if mma mdr1 mrna m

M@ mm= species mms transz

ribosomal rna rna species ma transcript rma transcripts tnf-alpha mrna viral mrna viral ma

nger ra mpo mrma

ts Mrnas myeloperoxidase mrma pS3 mma

viral rnas viral transeri

Top Relevant DNAs
{click on DNA name to add to the current selection)

adenosine deaminase ber gene c-fos c-jun c-myb C-myc c-myc gene cdna
cdnas cellular genes chromatin chr 1 chr 15 chr 16
chromosome 17 chromosome 21 chromosome 22 chromosome 7 chromosome 8
chromosome 9 ChroMOSOMeS c env gene genomic dna germline
immunoglobulin gene |Ong terminal repeat |tr oncogene
oncogenes open reading frame pS3 gene phi chromosome u3 region
viral genome

<12 3 ..3060 2070 > displaying 1 to 10 of 30696

Immunoglobulins on the surface of lymphocytes

1V. Distribution in hypogammaglobulinemia, cellular immune deficiency, and chronic
lymphatic leukemia. The distribution of peripheral blood lymphocytes that contain surface Ig
has been studied by means of immunofluoresc more

h chain iga igg igm immunoglobulins serum iga surface ig cll h ig iga igg igm kappa
agammaglobulinemia iga deficiency leukemia lymphocytes peripheral blood lymphocytes
Link to PubMed: PMID: 4999540

Lipid patterns in human leukocytes maintained in leng-term culture

The lipid composition of leukocytes maintained in lang-term culture was examined in order

to clarify the role of immaturity in previously observed differences between normal mature
leukocytes and leukemic cells. Cell cu more

cardiolipin ceramide

dihexoside cholesterol glycolipid glycolipids lipid lipids phosphatidylcholine phosphatidylethanolam
leukemia human leukocytes leukemic cells leukemic

leukocytes leukocytes lymphocytes mature leukocytes normal

lymphocytes polymorphonuclear leukocytes

Link to PubMed: PMID: 4328107

Assodation of 45 nbonudeic acid with oncomavirus ribonucleic adds

Oncornavirus 60 to 70S ribonucleic acids (RNA), such as those from avian myeloblastosis
wvirus, Schmidt-Ruppin virus, or mouse sarcoma-mouse leukemia viruses, isolated by
conventional techniques, contain 45 transferlike more

oncornavirus ribonucleic acids 355 4s 635 70s rna leukemia

Link to PubMed: PMID: 4320970

Synchronization and recruitment in acute leukemia

The in vive effects of several chemotherapeutic agents on the mitotic cycle of leukemic
blasts in the bone marrow were evaluated by serial measurements of cells in mitosis and in
deoxyribonudleic acid (DNA) synthesis as more

|-asparaginase cyclophosphamide cystosine arabinoside cytosine

arabinoside deoxyribonucleic acid deoxyuridine hydrocartisone |-

asparaginase methotrexate s thymidine vincristine leukemia leukemic blasts leukemic

[ TITETIaI TESISTarCe UF CET Gl UITCUgETIIC VIrUSes SUSPENUEU IT K anu ik prouoos
Thermal destruction rate curves were determined for adenovirus 12, reovirus 1, and herpes
simplex virus in sterile milk, raw milk, raw chocolate milk, and raw ice cream mix. At 40 to 60
C, the curves were asymptotic to more

60 c at 65 ¢ 12d herpes simplex leukemia sarcoma

Link to PubMed: PMID: 4330313

Murine leukemia virus: high-frequency activation in vitro by 5-iododeoxyuridine and
5-bromodeoxyuridine

Cells of embryos of the high leukemic mouse strain AKR can be grown in culture as virus-
negative cell lines. However, these lines and clonal sublines uniformly have the capacity to
initiate synthesis of murine leukemia more

S-bromodeoxyuridine 5-iododeoxyuridine akr murine vitro leukemia akr cells

Link to PubMed: PMID: 4330367

Anemic stress as a trigger of myelogenous leukemia in rats rendered leukemia-prone by
X-ray

All of the 128 Sprague-Dawley female rats bled two-thirds of the blood volume at 1, 2, or 3

months after irradiation (50, 170, or 350 roentgens) succumbed to leukemia by 16 months

after bleeding. Some nonbled irradiated more

anemia leukemia basophils myeloblasts neutrophils

Link to PubMed: PMID: 5287078

Activation of spontaneous murine leukemia virus-related antigen by lymphocytic
choriomeningitis virus

Persistent infection with lymphocytic choriomeningitis (LCM) virus activates a phenotypic
expression of murine leukemia viruis-related antigen. NZB and (NZB x NZW)F(1) mice, which
normally carry large amounts of Gross v more

¢57bl murine leukemia viruis-related antigen lem nzw nzw)f(1 leukemia lymphocytic
choriomeningitis

Link to PubMed: PMID: 4330471

Role of erythropoietin in 7,12-dimethylbenz(a)anthracene induction of acute
chromosome aberration and lkeukemia in the rat

The incidence of chromosome aberrations in rat bone marrow, examined 6 hr after the
administration of 7,12-dimethylbenz(a)anthracene, was significantly enhanced by induction
of anemia 0-48 hr before the cardinogen treat more

erythropoietin 7,12-dimethylbenz(a)anthracene anemia chromosome aberrations
leukemia polycythemia bone-marrow cells

Link to PubMed: PMID: 5288253

Crimnrmrriin fffrct of imranniantinn with manen faal antinane an areath of mlle infackad

Figure 2.2 Screenshot of BioEve; Results for query “leukemia”
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CHAPTER 3

BIOEVE: SYSTEM ARCHITECTURE
BioEve system (Syed Toufeeq Ahmed 2010) currently consists of 1.9 million BubMe
abstracts annotated and indexed. The layered system architectupgvasrsfigure 3.1
can be split into four main logical layers as below:
3.1 DATA INDEXING
The data store layer has the mechanism for data indexing LMEdataset is available
as zipped XML files that needed XML2text conversion and theingested them into
an indexer for faster access and keyword based text sémtchliows us to select a
particular subset of the abstracts for further processingustd Apache Lucelefor
indexing. Pubmed datasets were available to us in XML format.n@in interest was
the content of the abstract and the Pubmed ID which uniquelyfideniti Since we
aimed to filter a sizable number (approximately 2 milliohpio - entity rich abstracts,
following were some of the challenges we faced:
* Filtering required content from a large number of abstracts negaired. Faster
processing technique was required to complete this in a feasibledime. f
» Storing this information as plain text would require a lottofage space. Hence there
was a need for compressed storage of this data.
* With respect to any processing in future, there may be a meednélyzing more
information about an abstract. Maintaining this data shouldsbdesa cumbersome as
possible.
» There should be optimized indexing on the data, so that simple keweardhes

should be done in a faster manner, over this entire dataset.

19 http://lucene.apache.org/
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* Query formulation should be simple and easy to use, without havidglve into
complex query languages like SQL.

To address the above challenges, we used Digester (ApachsteDigel.), a subproject
of the Jakarta Commons project, to obtain the Pubmed ID, ab#teaant text. It offers
a simple, high-level interface for mapping XML documents to Java ebject

3.2 BIOMEDICAL ENTITY TAGGING AND ANNOTATION

Second layer in the architecture is of Information Extractioyetavhere the relevant
information is extracted from the abstract text. For recoggidifferent gene/protein
names, DNA, RNA, cell line and cell types, we leveraged ABNERBttles 2005), a
biomedical Named Entity Recognizer. We used OSCARGpen Source Chemistry
Analysis Routines) to identify chemical nhames and chemicattsites. To annotate
disease names, symptoms and causes, we used a subset eflitel Bubject Heading
(MeSH) dataset. To extract event types and relations wedsuigxtraction system that
uses dependency parser and CRF based classifier.

3.3 MANAGEMENT OF XML DATA

3.3.1 Sedna XML database

As part of the BioEve system version 0.1, we used Sedna (Sedna MMd.jlatabase
which is an open source native XML database and comes witeftilbearch integrated
with XQuery support. The native XML databases (NXDBs) st§hML documents
according to graph logical structure, in which the nodessemt elements and attributes
and the edges define the element/sub-element and elementattélationships. These
systems implement many characteristics that are common to tralditadabases, such as
storage, indexing, query processing, transactions and replication fl&Xilility in

representing XML data makes it difficult to typify, store, amdcess such documents.

%0 http://sourceforge.net/projects/oscar3-chem/
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The management of XML data is complex. This is due, mainly, tofdhewing
characteristics (i) data model - XML documents are repreddny a graph based data
model, which increases the complexity of its structure (ii) rbgemeity — a XML
document may have a sub-element completely absent or repeatechl séwes.
Regarding query processing, the XML model does not have a fofgeddra yet. The
W3C has developed formal semantics to the XPath and XQuery languages. Hivigve
complex, making it difficult to perform decomposing operations. Most of ttreendML
databases tend to choke for larger data and same is then@arée issue experienced by
us with Sedna. The challenges faced with Sedna are:
1. XQueries tend to become more complex as the data density sesreBxample

xquery used for Sedna is as below:

declare ordering unordered,;

for $y in index-scan(‘pmid-by-idtext-alfiles’, "1800446", 'EQ")

let $names := $y//data(@EntityName)

let $types := $y//data(@EntityType)

where $names = 'benzene’

return

(

if ($types = (PROTEIN','RNA','CELL LINE', 'CELL TYPE")

then <i>Protein/Genes: {$names}</i>
else (),
if ($types = 'DISEASE)
then <i>Disease: {$names}</i>
else (),
if ($types = (DRUG', 'CHEMICAL'))
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then <i>Drug/Chemical: {$names}</i>
else ()
)
2. Frequent out of memory errors encountered.
3. Slow indexing of large xml files and slow xquery responses.
4. Doesn't support all the xquery-functions yet and XSLT support is limited.
5. For our data size (approximately 20 million abstracts from lMex), Sedna didn’t
scale well with poorer xquery response time.
Hence, for indexing full Medline data, we needed a better perigrsystem with
added features to make the query, search and response qualitywigebeing
scalable, highly available, easy-to-maintain search sollt@ndobesn't cost a fortune
to install. The solution we found is Sdlr
3.3.2 Solr Indexing and Faceting Layer
Solr, an open source enterprise search platform suited our requisethe@mes with
features of powerful full-text search, hit highlighting, facetearsh, dynamic clustering,
database integration, and rich document (e.g., Word, PDF) handling. Altnghese
features, Solr is highly scalable, providing distributed $eacd index replication
making it one of the most used platforms by many of the wokidigest internet sites
(e.g. NASA, AT&T, Apple Inc., Disney etc) for the search and navigatidnres
Apache Solr is written in Java and runs as a standalonextlsearch server within
a servlet container such as Tomcat. It uses the Lucene (Ap&divare
Foundation."Apache Lucene—Overview" n.d.) Java search librarg abie for full-text
indexing and search, Its REST-like HTTP/XML and JSON AP&kes it easy to use

from virtually any programming language. The XML documents are intard on Solr

L http://lucene.apache.org/solr/
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using HTTP POST and GET requests to the Solr Web applicdéployed in a servlet
container. The default Solr response format is XML and we usddr faceted
classification (Denton 2003) and navigation.

The annotated and tagged Medline abstract information is cedvérto XML
format for Solr indexing. In order to facilitate indexing and facepover the extracted
semi-structured text articles, both web interface laperfaceting layer needs to share a
common schema. A sample of shared schema used for BioEve is shown below:
<field name="pmid" type="string" indexed="true" stored="truejuieed="true" />
<field name="text" type="text" indexed="true" stored="true" nmuadued="true"/>
<field name="title" type="text" indexed="true" stored="trire"
<field name="PubYear" type="text" indexed="true" stored="trae"/
<field name="gene" type="string" indexed="true" stored="true" malkidd="true" />
<field name="cell_type" type="string" indexed="true" storeds&t' multivValued="true"
/>
<field name="cell_line" type="string" indexed="true" storetta&" multiValued="true"
/>
<field name="drug" type="string" indexed="true" stored="true" multivéa="true" />
<field name="rna" type="string" indexed="true" stored="true" tiMalued="true" />
<field name="dna" type="string" indexed="true" stored="truelltivalued="true" />
<field name="disease" type="string" indexed="true" stored="true'tivalued="true" />

The Solr input xml file has the format as below:
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<? xml version="'1.0' encoding="UTF-8'?>
<add>

<doc>

<field name="pmid">6086383</field>
<field name="text"> Levels of collagenolytic activiggroduced by circulating
polymorphonuclear leucocytes (PMN) of patients exposed to aslestqmtients
with asbestosis were found to be similar to those of normal contfrkis<

<field name="cell_type">circulating polymorphonuclear leucocyteskd#

<field name="cell_type">circulating polymorphonuclear leucocyteskd#

<field name="cell_type">PMN</field><field name="drug">leuctey</field>
<field name="drug">leucocytes</field><field name="drug">PMfi&id>

<field name="disease"> asbestosis </field><field nameseaBe"> asbestosis
</field>

<field name="Gene_expression">produced</field>
<field name="Negative_ regulation">normal</field>
</doc>

</add>

Table 3.1 Solr input (XML) file sample

There are many other off the shelf systems are availableas in academia; Flamenco

project? (from University of California Berkeley) and msp&teUniversity of

Southampton) and in enterprise area; ApacheSamid Endecdd which enables faceted

classification and navigation over these facets/fields.

22 http://flamenco.berkeley.edu/

2 http://mspace.fm/

2 http://lucene.apache.org/solr/
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3.3 WEB INTERFACE

Web services are typically application programming integg@d”l) or web APIs that

are accessed via Hypertext Transfer Protocol and executedemnote system hosting

the requested services. A typical web service web APypicdlly a defined set of

Hypertext Transfer Protocol (HTTP) request messages alotig avdefinition of the

structure of response messages, usually expressed in anilid&ténarkup Language

(XML) or JavaScript Object Notation (JSON) fordtataving faceting engine as a web

service has many advantages as it abstracts interfaiggn dexl implementation from

faceting layer and also providing web APIs makes it edsierthe user interface
designer/developer.

We implemented BioEve user interface using AJAX, JavaScript a0 d& provide
rich dynamic experience. Chapter 6 covers the user guidelinesverio use system’s
web-interface in more details. Also provided is a sample Bioffuery/response using
web API in section 6.2. The web API also allows bulk importiath with output either
in XML or JSON format.

In terms of functional modules, the BioEve system consists oé thr&n functional

modules (S. P. Syed Toufeeq Ahmed 2010) as shown in Figure 1.1:

1. Extraction and Annotation Engine — To tag different gene/prateimes, DNA,
RNA, cell line and cell types, we leveraged ABNER (Sst2€05), a biomedical
Named Entity Recognizer. We used OSCAR35 (Open Source Cherarsttysis
Routines) to identify chemical names and chemical structliesnnotate disease
names, symptoms and causes, we used a subset of the Medicak Sigading

(MeSH) dataset.

% http://www.endeca.com/
% http://en.wikipedia.org/wiki/JSON, http://wiki.apache.orgr&sblJSON

24



2. Semantic Faceted Search Server — Extraction engine pipslicennected to a
faceted search server with input as XML tagged abstr@etsties like genes,
diseases and relationships). We used the Apache Solr lifmarfaceted search
(Tunkelang 2009), which also provides an enterprise quality full-text search.

3. BioEve Search Interface—The BioEve interface provides tea®ires for cognitive

search and navigation. The interface presents a number of entitisgdayppbe left

BioEve - ADiscovery Service for Life Science Literature

L]

(5]

M

K g Data Import Web API Discovery Interface
£5 (XML) (JSON, HTTP/XML) (AJAX & JavaScript)
8

=

o
)
3 SoliSct
virsetiermd Faceting Engine
2 xml ( Apachge Soglr) Web Serwoe
= . (Apache Tomcat)
(]
'
c - .
S 5 R ‘ CRF Classifier | | OSCAR3 ‘
EE S BioEve Event S
E® E‘ Extraction Engine E—
S X (bio-molecular events) | ™o ‘ ABNER | | MeSH ‘
=
T
o =
Sy é:;::» 2 Pre-Processing
& 2 = ;“/ (XML2Text — SAX
o
% i \\\,// parser)
a MEDLINE

Apache Lucene (data store)

Figure 3.1: Layered Architecture of BioEve
panel) along with the specific instances/values, from pregeasch results, and the
current query. Users can choose any of the highlighted vafubese entity types to
interactively refine the query (add new values/remove any \fatme the list with
just one click) and thereby drill down to the relevant artiglaskly without actually
reading the entire abstracts. Users can easily remove athe girevious search

terms, thus widening the



current search. The interface, implemented with the Web 2.0 teciemlagAX?’
and JavaScript, provides a rich dynamic feel and interactiabiling without the
need to reload the entire page after each refinement. Théntezface runs on an

Apache Tomcat server.

2" http://github.com/evolvingweb/ajax-solr
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CHAPTER 4

BIOMEDICAL NAMED ENTITY RECOGNITION
Biomedical literature contains a rich set of biomedical iestproviding key information
to access the knowledge. A biomedical named entity is a waegoence of words that
can be classified as name or biomedical term, such as gensgedisexriein, DNA, RNA,
etc. The process of biomedical named entity recognition invdbestifying and
semantically classifying these terms into their corpategories. We applied ABNER
(Settles 2005), a Biomedical Named Entity Recognizer, an openessftevare tool for
molecular biology text mining , to tag different gene typedutlinog protein names,
DNA, RNA, cell line and cell types. We used OSCAR3 (@3cad.) (Open Source
Chemistry Analysis Routines) to identify chemical names @rehmical structures. To
capture an ontology relationship, we used Unified Medical Langugsger8 (UMLS)
Mesh database. These entities tagging operations are expltamede details below:
4.1 GENE TAGGING
To being with 2 million Medline abstracts, we used ABNERti{& 2005) for the
purpose tagging different gene names like proteins, cell INA etc. ABNER, at its
core, is a machine learning system using conditional random f(€l&$-s) which
employs a set of orthographic and semantic features. ltnhagesallF Measure of 70 in
terms of recognizing occurrences of proteins, DNA, RNA, te#s and cell types.
However, the performance of ABNER is not very impressive. fidlewing table

summarizes the precision and recall for various entities learned b RSN

2 http://pages.cs.wisc.edu/~bsettles/abner/
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Entity Recall Precison F1 (SF1)

Protein  77.8 68.1 72.684.9)
DNA 63.1 67.2 65.1(76.1)
RNA 619 613 61.678.5)
CellLine 58.2 53.9 56.0(68.2)
Cell Type 65.6 79.8 72.082.1)
Overall 720 69.1 70.582.0)

Table 4.1NLPBA model. Five entities trained on 18,546 sentences, evaluat&d®n 3,

Entity Recall Precision F1 (SF1)
Protein 65.9 74.5 69.983.7)

Table 4.2 BioCreative model. One entity (subsuming genes and gene products)
trained on 7,500 sentences, evaluated on 2,500.

ABNER classifier for gene names is coupled with a disetistonary created from
MeSH to train Mallet based CRF classifier and OSCAR iflasgor chemical names.
This system helps in identifying the semantic relations amedical text in terms of
Gene-Diseaseelations andDisease—Treatmentelations as well as discovers hidden
relations as explained in section 2.4. However, ABNER doesnonperthat well for the
larger dataset of over 20 million abstracts available on Pulapdesent. Hence for this
big data, we have applied the dictionary based approach for tegggingnnotation using
HUGO (Tina A. Eyre 2006).

The HUGG® Gene Nomenclature Committee (HGNC) maintains a databiase o
unique and approved human gene names and symbols. Current estinuittshereotal
number of protein coding human genes as@—-251000, and over 18000 of these
now have been assigned HGNC approved nomenclature. The customodaiaad
feature enables the users to download the HGNC data in botht@kiimnd HTML

format. Another important functionality with the custom downloaduieais that the

2 http://www.genenames.org/
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results are generated dynamically hence are up-to-dateewdrethe user returns to the
saved URL. The performance of entity tagging process for over d0nralbstracts using
this plain text file for dictionary based approach is very tashpared to ABNER in
terms of execution hours.

4.2 DISEASE TAGGING

We used the Unified Medical Language System (UMLS) Meshbdae to capture
ontologies for entities present in abstract text. There afd2®ntries, one for each tree
number in 2009 MeSH, which contains 25,184 main headings 4. For tagginga mill
Pubmed abstracts more efficiently, an inverted index of Pubméetissvas created for
each valid MeSH entry. It could also be used to identify bevads which may interest
the user, based on what the user searched. Also, a subset of thézgomsneas filtered

out to annotate disease names, symptoms and causes.

Bio Named Entity Recognition
Process

Plain text abstracts

PubMed
Abstracts in
XML format

Lucene Index [* DataProcessing |« S —

Mesh DB
entries for

OSCAR
chemical

ABNER gene
tagger disease

g Solr XML indexing and
names tagger ; Faceted Search
tagging

!

XMLschema | | Graphical
mapping Schema annotation Interface

Figure 4.1 Bio Named entity recognition process
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4.3 CHEMICAL/DRUG TAGGING

OSCAR (Open Source Chemistry Analysis Routines) is open esaaftware for the
semantic annotation of chemistry papers. This library uses variougsauctuding hand

- annotated texts, dictionary based on chemical names andumggiclt not only
recognizes chemical names, adjectives and processes, big te &bk them into their
meaning using an ontology — a rigorous and exhaustive organization of some kreowledg
domain that is usually hierarchical and contains all thevaelerelationships. By using
such a system, the researcher is freed from having to hunvdoy permutation of a
specific word, because OSCAR automatically links the watd is alternatives. It also

can enrich the text-search by providing further information aboutetines it identifies,

such as chemical properties and molecular structure.
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CHAPTER 5
ANNOTATION DESIGN

Traditional keyword search is based on syntactic matching, wiwmements returned

contain the terms searched either partially or fully. Howewere could be terms which

are synonymous or semantically same as keywords search@&bdéoiments which have
the term "conjunctivitis” could be useful for the user, evethése documents do not
contain the term "eye diseases”. Biomedical Named Entity Redagcian be thought of

as a sequence segmentation problem: each word is a tokseduence to be assigned a

label (Settles 2004). Inherently this tagging process capaniy type relationships,

where the assigned label is a semantic parent class aigpedt entity. We captured two
types of annotations; one which identifies biomedical entitiesthe other records event
trigger phrases.

5.1 BIOMEDICAL ENTITY ANNOTATION®

This section describes in brief the tools and sources used bBidHentity Tagging

module.

» ABNER (Settles 2005): This tool is a Biomedical Named Er®gcognizer) is an
open source software tool for molecular biology text mining. $\tdre is a machine
learning system using conditional random fields with a varietgrtifographic and
contextual features (Settles 2005). We use ABNER in this wddgtprotein names,
DNA, RNA, cell line and cell types.

= OSCAR3 (Oscar3 n.d.): OSCAR3 (Open Source Chemistry AnaRwigines) is
open source software for the semantic annotation of chemigtgrgarhis library

uses various sources including hand - annotated texts, dictiorseg ba chemical

%0 This work is contributed by Radhika Nair
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names and structures. Maximum Entropy Markov Model (MEMM) and gdam
based classifiers are some among the ones used for entity recognition.

= Ontology Tagging: We used the Unified Medical Language 8y$t#MLS)*! Mesh
database to capture ontologies for entities presealbstract text. There are 49,712
entries, one for each tree number in 2009 MeSH, which contains 25,184 mai
heading¥. For tagging 2 million PubMed abstracts more efficiently, mreited
index of PubMed abstracts was created for each valid M@8#. ¢t could also be
used to identify broad areas which may interest the user, basethainthe user
searched. Also, a subset of these annotations was filtered auntbate disease
names, symptoms and causes.
Table 5.1 5 is an example of the bio - entity annotationtity Typerecords entity
type information for biomedical entities, which can be one of/tbeedefined types,
namely PROTEIN/GENE, DNA, RNA, CELL LINE, CELL TYPE,
CHEMICAL/DRUG and DISEASE. The type CHEMICAL encompasdas tirug
category. Entities tagged as disease include disease maahedso symptoms and

causes for diseases. These annotations are referredlt@asotations.

ID Entity Type Start End Entity Name

T1 PROTEIN 290 307 steroid receptors

Table 5.1 Bioentity Annotations
Ontology annotations have the format as shown in Figure 5.2. Herentite type
captures the semantic ontology valid MeSH entities in theraabs The ontology
representation is an ordered representation, where the lapeésent parent - child

relationship going from left to right. In the example shown belesgherichiais a

%% http://www.nlm.nih.gov/research/umls/
32 http://www.nlm.nih.gov/imesh/2009/download/mtr abt.html
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specialized form ofenterobacteriacege whereasenterobacteriaceads a kind of

gammaproteobacteriand so on.

ID Ontology Start End Entity Name

T8 [bacteria, 471 484 escherichia
proteobacteria,
gammaproteobacteria,
enterobacteriaceae]

Table 5.2 Ontology Annotation
5.2 ANNOTATION FORMAT AND XML SCHEMA MAPPING
Our intent was to identify biomedical named entities and tleemagtic ISA relationships
and Ontology relationships, events and their classification and tahweto an XML
schema. This information is later uploaded to Solr as XMimé&ited document. Instead
of tagging the actual plain text, we create a list of atmois for each PUBMED
abstract. Each annotation (R. N. Syed Toufeeq Ahmed 2009) has a unique Annotation ID,
annotation type, its start and end position in the abstract and the atityaiamne.
5.3 XML SCHEMA®
Following a modular approach, we created four XML Schema desidns. section
describes XML tree structure for each type of schema. PuliMad captured in all
schemas to aid in cross references across tables.
Document Model
This schema captures the PubMed ID and the abstract text (includeke tag well). The
XML tree structure for this schema is shown in Figure 5.1.0°PBlEment stores unique
PubMed ID assigned to each abstract. Abstract title and texteparated stored as

attributes.

% This work is partly contributed by Radhika Nair
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< events>

< PMID idtext="8562886"> < / PMID>

< AbstractTitle text="The effect of Toremifene’>< AbstractTitle>
<AbstractText text=" Toremifene exerts multiplé> < / AbstractText

< /events

Figure 5.1. Document Model (a0 XML Schema)

Bioentity Model

This schema transforms biomedical entity annotations in to Xtfinat as shown in
Figure 5.2. The attributéD records the entity IDPosition captures the start and end
positions of the abstract in an ordered fashi@mtity Type records entity type
information, which can be one of the 7 predefined types as discusssection
Biomedical Entity Annotation€Entity name is duplicated undéntityNameas well as
element value to allow flexibility in querying and as a optiondiay further changes to

the format.

< events>

< PMID idtext="8562886"> < / PMID>

<Annotationld ID="T0’ Position="60 83’ EntityType="CELL TYPE'’
EntityName="human mononuclear ceftishuman mononuclear cells
< /Annotationld>

< [events

Figure 5.2. Bioentity Model (a1l XML Schema)
Trigger Word Model
This schema currently does not incorporate complete evenaceatr including

participants. Only trigger words are identified and mappedchema shown in Figure
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5.3. The elements and attributes are similar to al scHentidyTypeattribute can take
one of the predefined seven class labels.

Ontology Model

The only difference in this schema with respect to othernsabeis that now the
EntityNamestores the ontology information in an ordered fashion. Fi§ufeshows the
a3 schema format. Possibly for the next version of this grommplete event
annotations may be available to identify participants for eventslashivese annotations

would form a part of the

< events>

< PMID idtext="8562886> < / PMID>

< TriggerAnnotationld text="T8’ Position="324 334’
EntityType="Gene expression’ EntityName="expressiorxpression
< /TriggerAnnotationlc

< /events

Figure 5.3. Trigger Word Model (a2 XML Schema)

< events>

< PMID idtext="8562886> < / PMID>

<Annotationld text="T1’ Position="210 220’ EntityType="study
characteristics’ EntityName="in vitro' in vitro

</ Annotationld>

< [events

Figure 5.4. Ontology Model (a3 XML Schema)
a2 schema. Complete set of annotations for a sample absi@awy with their

corresponding XML Schemas are illustrated in Table 3.1.
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Multi - Label Model

This schema captures multiple events per sentence.sligtstly different from other
schemas in that, it does not store the actual sentencéiidn labels are stored. For each
sentence the most likely events types present in that senseatmed along with their

probabilities.

< events>

< PMID idtext="8562886> </ PMID>

<Annotationld text="T8 Position="120 180>

<EventType = "Gene expression” prob = "0>X /EventType
<EventType = "Phosphorylation” prob = "0.3'< / EventType
</ Annotationld>

< /events

Figure 5.5. Multi-Label Model (a4 XML Schema)
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CHAPTER 6

BIOEVE: WEB-BASED USER INTERFACE
6.1 USER INTERFACE WALKTHROUGH
Interface is divided into left panel and right panel, see figure 6.1.
Left panel— offers suggestions and insights (based on co-occurrence frequigmaiie
guery terms) for different entities types, such as GenisgaBes, Drugs/chemicals, Cell
Lines, Cell types etc.
_Top of the left panel shows users current query terms andatiavi so far (see “You
Selected”). Here user can also de-select any of the previgeigigted entities or even all
of them by single click on “remove all’. By de-selecting amyities, user is essentially
expanding the search and the results in the right panel aeshed on the fly to
remaining query entities to offer a rich dynamic navigation experience.
__ Search box on left panel offers query entity suggestion (in ligie) las user types.
These are frequently occurring entity names.
_ Below Search box, we have navigation categories (Genes, &is&asigs/chemicals,
Cell Lines, Cell types etc), user can click on any of th#yenames (in light blue) to
refine the search, by clicking user adds that entity nantieetsearch and the results on
the right panel are refreshed on the fly to reflect newly added queargmedit.
_ User can add or remove number of refinements to the currech sgary until she/he
reaches the desired results set (shown in the right panel).
Right Panel— shows user’s current search results and is automaticiigited based on
user’s refinement and navigation choices on the left panel.
__Abstracts results on this panel show “title” of the alest(im light red), full abstract

text (in black, if abstract is available).
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_ Below the full abstract text, the list of entities mentiirethat abstracts (in light blue)
are shown. These entities names are click-able and aitlasthew search for that entity
name, with just one click.
_ We also provide a direct link to the abstract page on PubMethgase use wants to
access additional information like authors and their affiliation.

Additionally we also provide a direct link to full text of thdide from PubMed
Central (PMC). Note: Only around 7% of the abstracts havefttle text in PubMed

Central, so most of the links to PMC will lead to page not fooimdPubMed central

Server.

You have Selected:

(click on [#] to remoue the entity from the cunent selection)

remave all

[¥] text:leukemia

[¥] drug:“cytosine arabinoside”
[x] gene:g-csf

[%] cell_type:"blast cells”

Search

(press ESC to dase suggestions)

Top Relevant Genes

(click on gene name to add to the cunent selection)

aml-10 arnl-4 amnl-5 bel-2 bel-2 protein cd71 esf-1 g -csf gm-csf
granulocyte colomny-stimulating factor

granulocyte-macrophage colony-stimulating factor granulocyte-macrophage csf
growth factor growth factors il-3 il-6 interleukin-3 m2

mast call growth factor maf myelopaietic arowth factars Q¢ permitted factors
proliferating cell nudear antigen

recombinant human granulocyte colony-stimulating factar rg-csf rgm-csf ril-2
transferrin receptor

Top Relevant Drugs

(click on drug name to add to the cumant seledtion)

3h-thymidine 3htdr ; (i aml ara-ac g°g -¢ arabinofuranosyl 5-azacytosine

atra bel-2 ed71 clonogenic csf C\,’tDSine a|‘abi|‘|05ide
daunorubicin dnr g-csf 1_||]]-|;<3f he hydrocartisone methylcellulose mgf
mitogenic mrna QCj retinoic acid rg-csf rgm-csf ril-3 s thyrnidine vitro

Top Relevant Diseases
(click on dizesse name to sdd ta the current szlacion)
acute myelogenaus leukemia diarhea disease |aykemia

Top Relevant Cell Types

(dlick on call type name o add to tha current selectian]

am blast calls arl blasts aml-4 callz blgst cells blast stem calls blasts

BioEve

< 1= displaying 1to 5 of 5

OCAML-4 an acute myeloblastic leukernia cell ine: regulation and response t cytosine
arabinoside

This paper describes the properties of a continuous cell line derived from the blast cells of a
patient with acute myeloblastic leukemia (ML), secondary to the treatment of Hodgkin's
disease. The line grows slowly with more

aml-4 csf-1 g-csf gm-csf il-3 i1-6 interleukin-3 mast cell growth factor mgf oo ara-

¢ clonogenic cytosine arabinoside g-csf gm-csf hydrocortisone mof oci retinoic

arid thymidine disease leukemia c-kit oncogene aml-4 cells blast cells

Link to Pubbed: FMID: 1715961 and Pubmed Central: PMC: 1715961

Granulocyte-macrophage colony-stimulating factor and interleukin-3 protect leukermic
blast cels from ara-C toxicity

The blast cells of acute myeloblastic leukemia (AML) usually require growth factors for
aptimurm proliferation in cell culture, Growth factors also affect the sensitivity of AML blast
cells to cytosine arabinoside (ara-C more

g-csf am-csf granulocyte-macrophage colony-stimulating factor growth factor growth
factors il-3 oci rg-csf rgm-csf ril-3 3htdr aml ara-c clonogenic cytosine arabinoside g-

csf gm-csf oo rg-csf rgm-csf ril-3 thymidine leukemia aml blast cells aml blasts blast
cells blasts factar-treated cells five blast cell populations leukemic blast cells proliferating
cells

Link to Pubbled: FMID: 1710307 and Pubmed Central: PMC: 1710308

Influence of schedule on regulated sensitivity of AML blasts to cytosine arabinoside
Regulatory molecules that affect the growth culture of blast cells from acute myeloblastic
leukemia (&ML} may also alter drug sensitivity, a phenomenon that may be called regulated
drug sensitivity, Previous studies hav more

aml-5 g-csf gm-csf granulocyte colony-stimulating factor granulocyte-macrophage

csf growth factars myelopoietic growth factors oci permitted factors ; (i) aml ara-ac ara-

¢ arabinofuranosyl S-azacytosine clonogenic csf cytosine arabinoside g-csf gm-

csf methylcellulose oci retinoic acid leukemia aml blasts blast cells blasts cells responsive
blasts

Link to PubMed: FMID: 7686602 and Pubmed Central: PMC: 7686602

Recombinant hurman granulocyte colony-stimulating factor in combination with
continuous infusion of cytosine arsbinoside for the treatment of refractory acute
myelogenous leukemia

Because recombinant human granulocyte colony-stimulating factor (G-CSF) has been
reported to increase the sensitivity of acute myelogenous leukemia (AML) blast cells to
cytosine arabinoside (&ra-C) in witro, we treated more

Figure 6.1 Screenshot of BioEve (version 1.0) user interface witkfth@ahel and right

panel view.
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6.2 BIOEVE SAMPLE QUERY

BioEve facilitates the “discover more as you search” pgnady making the sought
information available with just a few clicks. It helps facilitating what Swanson’s
introduction of ‘transitive’ relations had demonstrated. For insthectetched the most
relevant literature reports abdigh oil causingreduction in blood viscositgnddecrease
in platelet aggregability He also identified another set of documents mentioning these
symptoms as characteristics Raynaud’s syndromd& hus, based on these two findings
he established thhitherto unknown connectiowhich is fish oil can treatRaynaud’s
syndromethus revealing yet undiscovered relationships between difféenedical
concepts found in the literature. BioEve aims to facilitatehsfindings through user
friendly web-interface which shows such findings and helps in disoay new facts
with just few clicks as shown in few steps below (and figure 6.2):

(a) - Let us start our search with query “Benzene”. BioEaate-complete feature pulls
out the name from its indexed terms while typing. The searclitsen 1986 articles,
which we are now going to filter further to navigate to tHermation we are looking
for.

(b) - Some helpful insights given by BioEve could be the Top Gemesyhich
“hemoglobin” is highlighted as a term frequently mention inrdsalt set. Following this
link narrows down the search to articles potentially discuseshationships between
benzene and hemoglobin, resulting in 37 citations.

(c) - In Top Diseases, the user can see that the diseadeertia” stands out, as it
frequently occurs in the current result set. Leukemia ldood cancer disease which is
characterized by increasing while blood cell counts and fallingogiobin count.

Selecting “leukemia” refines the results further to 3.
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(d) - If we scroll down to Top Cell Types, we find that “trephils” is highlighted.
Clicking on “neutrophils” narrows the results to 2 publications,civitan easily be
browsed for details on the described association.

(e) - The highest ranked publication is titled “A hematology eyrraf workers at a
styrene-butadiene synthetic rubber manufacturing plant”, see FegRreWith a few
clicks we discovered relevant articles that describeioekhips between benzene, the

disease leukemia, hemoglobin gene, and the neutrophils cell types.

BioEve

Maintained by: Syed Toufeeq Ahmed (Email: toufeeg@gmail.com)

< 1 > displaying 1to 2 of 2

You have Selected:

(click on [¥X] to remove the entity from the current selection)

A hematology survey of workers at a styrene-butadiene
plant

A previous epidemiologic study of the U.S. rubber industry
excess of leukemia and lymphoma mortality among hourly
butadiene rubber manufacturing plant. This invest more

S h Link to PubMed: PMID: 70
earc (press ESC to close suggestions) - ' i 0 X

Longitudinal study of the long-term effects of occupation

A follow-up study has been conducted of 60 workers occup|

o BelSvant Ganas a period of 2 months to 19 years. Duration of the study w4

P traceable. Ten deaths were recorded, four more

(click on gene name to add to the current selection)

hamar

Link to PubMed: PMID
Top Relevant Drugs

(click on drug name to add to the current selection)

Figure 6.2 Screenshot of sample query final results
6.3 USER FEEDBACK AND COMMENTS
As part of performing system evaluation, we asked threestifences researchers to
evaluate BioEve search and their feedbacks are as below (paraphrased)
1. Dr. Fasahath Husain, Research Fellow, University of CaléiorriBerkeley,
Email:-fasahath@berkeley.edu
I am a life science researcher and use PubMed extensivalgatch for research
articles.
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| also use Google Scholar but not nearly as much as Pubmed. Pubmeerig a v
popular search system because of historic reasons but the searchinglibapéb
Pubmed has lot to be desired.

Being a life science researcher | find many of syntax in Pubmed tpdious.
Something | don’t want to learn or remember or even type in @aeh On request

of ww.bioeve.org developer, | tried the BioEve website. | am s8spdeby ease of its
use. Although I did not get nearly all the data | was looking for, gmilgnbecause it

is at preliminary stage, | think the search idea is headed in the right idinect
Strengths of BioEve:

1. Search could be a stepwise search, where we can refineaoci sintil we get the
precise content we are seeking.

2. If we require a certain alteration in the search resu#t can cancel a term from
anywhere in the middle. This ability in search is very ussfulhat | do not have to
restart my search.

3. Compared to Pubmed and Google Scholar the input for BioEve search i
incredibly cognitive.

4. After the search, BioEve gives a direct link to Pubmed based on PMID; a big plus.
5. Unlike Google Scholar search, which is information overloadilteefrom BioEve
are quite refined.

Weaknesses and suggestions:

1. Pubmed and Google Scholar have integrated their search witHSécd have
direct access to University library subscriptions whesd University ISP to search
data using Pubmed (through library website) or Google ScholaEvBimay have to

work with Pubmed to make sure the search links are connected to local ISP.
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2. Search based on date is something | miss. If | want to searcéciéntific

development in a particular year, | can roughly find out using Gdsgh®lar and
Pubmed, but never exactly. | hope BioEve can introduce this option.

3. Perhaps because of its preliminary stage, | did not find neadygh articles |
looked for. There is extensive data about my topic, about 40,000 artidésvall be

impressed if could search specifically within those articles.

When | have the confidence that BioEve is indexing all the dattaout
missing any critical article, 1 will be compelled to usésthearch tool. | believe a
finished product will be immensely useful and could become a populafotolife
science researchers.

Dr. Sukru Tuzmen, Adjunct Professor at Arizona State Univerditymer
Investigator and Head, Molecular Genetics Laboratory atnfdwautical Genomics
Division, Translational Genomics Research Institute (TGen) througbeSky

"You have a powerful search. Synchronize this with MEDLINE, addpleten
MEDLINE. Connect with more databases, OMIM, Entrez Gene ... You taelbe
line database from ATCC.org"

"This is impressive! But you need to have all articles and newnglaras they have
fresh information, sometimes new published results cancel out old results

Dr. Mostafa Afifi, Post-Doc Researcher, Faculty of Kinesiglotyniversity of
Calgary

As a researcher | found BioEve very useful as its a more focesedrch tool. | use
pubmed on a regular basis and find its search tools difficult to use andrgt tmes
far from what | am looking for. BioEve on the other hand is mumte mser friendly

and an easier user interface. | particularly like the idea ofifgarger fonts for the
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more relevant terms highlighting what is researched more ofteapplaud the

creator for his effort!
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CHAPTER 7

CONTRIBUTION AND FUTURE WORK
In this thesis report, we presented BioEve system, a discewgine, with an intuitive
and cognitive faceted search interface that enables discofémportant knowledge
hidden in life sciences literature. BioEve (screenshot ofime 1.0 is shown in figure
6.1, and is available at www.bioeve.org) demonstrates its pdtamish usability, but
nonetheless we still have work to do to make it more complete and mainsteace.
Here are few next steps for us:
Processing and indexing of the entire MEDL INE collection:
BioEve currently has around 10% of the entire MEDLINE dat&%ktle processing and
classifying the 1.9 million articles that are now availatheough a fast discovery
interface, we saw that BioEve will scale well to 19 million arided more.
K eeping BioEve up-to-date and complete:
We would like to add a synchronization module that will frequemtieck with
MEDLINE for supplement articles as they are published; tmeBdypically be in the
range of 2500-4500 new articles per day. Frequent synchronizati@cassary to keep
BioEve abreast with MEDLINE collection and give users theess to the most recent
articles.
Normalizing and grounding of entity names:
As the same gene/protein can be referred by various names abdlsyfor example,
the TRK-fused gene is also known as TF6; TRKT3; FLJ36137; T&@yer searching
for any of these names should find results mentioning any of the oRmmval of
duplicates and clean-up of non-biomedical vocabulary that occure &ntity tag clouds
(like “conclusions”) will further improve navigation and search tssu

Cross-referencing with biomedical databases:
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We want to cross-reference terms indexed in BioEve withogichl databases. For
example, each occurrence of a gene could be linked to Entrez@e@MIM; cell lines
can be linked and enriched with ATCC.org's cell line database;want to cross-

reference disease names with UMLS and MeSH to provide accessltgmaio
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