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Abstract

User centered health information retrieval is a challenging and important problem
in information retrieval. In this work, we apply medical resources to bridge the
vocabulary mismatch between lay-users and medical documents. We also applied
text summarization techniques to reduce the document to relevant information
while pruning irrelevant information. We provide a survey of medical resources
and application of text summarization in information retrieval. The primary re-
search goals were to investigate the use of medical resources in query expansion
and text summarization in indexing. The experiments were performed as a part
of a CLEF eHealth Task, overview of which is provided. From our experiments
we observed that a summarized index can be used to replace a full collection in-
dex. Also a compression rate of 40-80% outperformed the baseline indicating that
retrieval on the summarized collection can indeed improve performance. Using
MeSH(Medical Subject Headings) as a thesaurus to supplement the query terms
improved retrieval for certain queries. We obtained the best MAP score of 0.415,

for all teams, using query expansion with discharge summaries.
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CHAPTER 1

Introduction

There has been an in increase awareness amongst laypeople regarding health is-
sues. Searching for health related information has also become an important prac-
tice for millions of users[1]. This has led to a dire need for expanding research
on Information Retrieval(IR) in the biomedical domain. In this report we pro-
vide an overview of the field of Health Information Retrieval. We also provide
the methodology that we used while participating in CLEF eHealth 2014[2]. We
made use of Medical resources like MeSH and Discharge summaries for query
expansion and used text summarization techniques for indexing. In this chapter

we provide a background of the problem statement.

1.1 Motivation

Laypeople have different search behavior, which is exemplified in their formu-
lation of queries and expectations from the retrieved documents. Searching for
health advice is a common task performed by users. In a recent survey it was ob-
served that more than 70% of search engine users in the US have used web search
engines for information about specific diseases or health disorders[1]. Not just
laypeople, doctors, clinicians and other medical personnel use such systems for
their biomedical information needs too[3].

Health information retrieval is not only important for laypeople, or medical pro-
fessionals like doctors, clinicians etc. It is an important part of the knowledge dis-
covery process. IR techniques are required to reduce the vast body of literature to
a narrow, focused set, that can in turn be used for knowledge discovery.

There has been a fast growing interest in the field of bio-medical research.
MEDLINE, the primary database for biomedical literature, contained more than
17 million article citations in 2009[4](Fig. 1.1). Retrieving information from such
a large pool of documents is challenging and of significant importance.
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Figure 1.1: Number of available citations in MEDLINE

1.1.1 Use of Medical Resources

There are several well defined medical information structures avaiable as de-
scribed in section 2.1. Our hypothesis was that such resources could be used to
bridge the vocabulary gap between the layusers and the experts. The motivation
between using discharge summaries was to supplement the query with contex-

tual information about the patient’s medical conditions.

1.1.2 Use of Text Summarization Techniques

The use of Summarization techniques was motivated by the need to retrieve doc-
uments whose central theme were in agreement with the users. By summarizing
we can reduce the document to its crux while removing irrelevant information.
Such techniques have proved effective in the past as described in section 2.3 but
they haven’t been explored in the medical domain. Also with the growing size of

the corpus using a summarized collection can reduce the space requirements.

1.2 Health Information Retrieval

Health information retrieval resembles ad-hoc information retrieval but with a
focus health related information. Information retrieval, in our context, is the re-
trieval of information from databases that contain textual information. The in-

formation is of unstructured nature. Our main challenge, in health IR is, given a



health information need, formulated in terms of a query, retrieve documents that
satisfy the information need.

Health Information retrieval is a domain-specific task that is performed by a
large variety of users, including clinicians, healthcare workers and laypeople. Due
to the broad variety of information seekers novel methods need to be devised to

address the issues pertaining to different health information needs.

1.2.1 User-centered Health Information Retrieval

The Goal of User-centered Health Information Retrieval is to consider the informa-
tion needs of laypeople(users), who do not have much knowledge about medical
terminologies and concepts and seek health information on the web. The major
challenge in user-centered health IR is that of vocabulary mismatch, wherein sim-
ilar concepts are referred to by different terms by different users. This arises due
to lack of knowledge of medical concepts in lay users.

To make eHealth easily accessible to lay users it is important to ensure that
they have easy access to information relevant to their needs. To facilitate this
searching information about the patient’s background relevant to his/her infor-
mation need should be used while retrieving.

1.2.2 CLEF eHealth 2014

The Cross Lingual Evaluation Forum(CLEF) community addressed the problem
of Health IR by initiating the eHealth Tasks from 2013. The goal of this task was to
form a framework for the evaluation of health information systems that support
laypeople. These systems help laypeople in searching for and understanding their
health information[3].

The CLEF eHealth lab’s goal is to help patients understand eHealth informa-
tion. eHealth documents are much easier to comprehend after processing them
with: shorthand expansion, spelling correction and normalization of health con-
ditions to standard terminology. Retrieving relevant documents pertaining to user
queries and their medical condition is crucial to help their understanding.

The 2014 edition of the CLEF eHealth labs comprised of three tasks!. The use
case considered was of Discharge summaries, which are reports that a patient
receives after leaving a hospital. It describes the diagnosis and treatment received
by the patient [5]. Following is a description of the 3 tasks:

http:/ /clefehealth2014.dcu.ie/



1. First Task: Visual-Interactive Search and Exploration of eHealth Data. This task
aimed at visualization of medical information extracted from the discharge

summaries to make it understandable to lay people.

2. Second Task: Information extraction from clinical text. This task was a NER
task, in which the goal was to extract medically relevant entities from the

text.

3. Third Task: User centered health information retrieval. In user centered health
IR the goal is to address user queries by retrieving documents relevant to

their health-related information needs.

We participated in Task 3 of 2014’s lab. We provide a detailed overview of our

approach in this report.

1.3 Problem Statement

Laypeople have varied information needs and searching behaviors. This can be
seen in their formulation of queries and their expectations from the retrieved doc-
uments. Our challenge was to support these needs. Our aim is to develop a
system for Information retrieval from the patients’ perspective.

We were given:

1. A crawl of approximately 1.5 million biomedical documents made available

by the Khresmoi project? in plain HTML format.

2. A set of English general public queries that lay users may pose based on the

content of their discharge summaries.

Our goal was to retrieve the relevant documents for the user queries.

1.4 Thesis Organization

The subsequent portion of the thesis is divided into 5 chapters. In Chapter 2, we
describe related work done in this field, focusing on medical resources for query
expansion and text summarization in IR tasks. Chapter 3 provides the details
of the dataset used. In Chapter 4 we describe our system, providing explanation
about the various modules. Chapter 5 provides the details of the experiments per-
formed. We provide an analysis and discussion of the results. In the last chapter

we provide the conclusions drawn from our experiments.

2ht’cp: / /www.khresmoi.eu/



CHAPTER 2

Literature Survey

In this chapter we provide an overview of Health information retrieval. We first
describe some health concept representation methods in Section 2.1. In Section 2.2
describe how these can be used for the purpose of query expansion. Later in Sec-
tion 2.3 describe usage of Text summarization techniques in the context of Infor-
mation retrieval, stressing on using summarization for indexing. We provide an
overview of the methodologies used by some of the best teams in CLEF eHealth
2013 and 2014 in Section 2.4

2.1 Health concept representation

Well defined information structures are widely used in the field of IR. They can
be used in indexing and retrieval processes. Knowledge organization in health in-
formation is highly detailed and is one of the earliest application of classification.
Several resources are available which provide a well defined structure to cope
with ambiguity and synonymy present in biomedical terminology. They vary
both in coverage and purpose.

The concept representation systems described here can be applied to Infor-
mation retrieval and natural language processing. In IR they may be for query
expansion using the synonymous relations to improve the expression of informa-

tion need.

2.1.1 Medical Subject Headings(MeSH)

The Medical Subject Headimgs(MeSH)1 is the NLM’s? thesaurus used to index
most of NLM’s databases. It has sets of terms naming descriptors that are ar-
ranged in a hierarchical manner.

Following is an example:

IMeSH - Online at www.ncbi.nlm.nih.gov/mesh
ZNLM - United States National Library of Medicine

5



1. Cardiomegaly [Descriptor]

(a) Cardiomegaly [Concept, Preferred]

i. Cardiomegaly [Term, Preferred]
ii. Enlarged Heart [Term]

iii. Heart Enlargement [Term]
(b) Cardical Hypertrophy [Concept, Narrower]

i. Cardiac Hypertrophy [Term, Preferred]
ii. Heart Hypertrophy [Term]

The structure of MeSH consists of the following components: 1. Descriptor Hi-
erarchy 2. Descriptions 3. Qualifiers 4. Supplements . There were a total of 25,186
subject headings in the 2009 version of MeSH.

2.1.2 Unified Medical Language System

The Unified Medical Language System(UMLS)? was started at the NLM in 1986.
The aim of the project was towards effective retrieval of information. The UMLS
primarily contains 3 main knowledge-sources that can be used together or sepa-
rately:

1. Metathesaurus: Includes over one million medical concepts from more than
100 sources. Itis called a Metathesaurus as it transcends the various thesauri

it covers.

2. Semantic Network: It is a high level ontology for medical entities. It sup-

ports hierarchical and associative relationships.

3. SPECIALIST Lexicon: It is a set of lexicon and tools. The lexicon includes

biomedical terms and the tools are programs that process these terms.

2.1.3 Other Ontologies

Ontologies are defined as “hierarchical structuring of knowledge about concepts by sub-
classing them according to their properties and qualities”[6]. The aim of developing
ontologies in biomedical community is to represent the terminology in a common

vocabulary. This vocabulary can then be shared and reused[7].

Swww.nlm.nih. gov/research/umls/



GALEN GALEN(Generalised Architecture for Languages, Encyclopedia and
Nomenclature in Medicine) is an European project which aims to represent med-
ical concepts as a formal ontology[8]. To make the results of GALEN projects
available freely to the world, OpenGALEN* was set up. The terminology for
OpenGALEN is written in GRAIL(GALEN Representation And Integration Lan-
guage), which is a domain specific formal language. It is also distributed in OWL.

SNOMED-CT SNOMED-CT(Systemized Nomenclature Of Medicine Clinical
Terms) is developed in native description logic formalism. It contains a collection
of medical terms with codes, terms, synonyms and definitions. It is considered to
be the most comprehensive biomedical terminology[7].

WordNet is a lexical database that is widely used for application in Informa-
tion Retrieval(IR) and Natural language processing(NLP). At core of its strcuture,
is a set of synonyms(Synset) that represents an underlying concept. It provides

short definitions and the number of relations between the synsets[9].

2.2 Using Medical Resources for Query Expansion

Medical resources have been used widely in Health information retrival to pro-
vide contextual information and to bridge the vocabulary mismatch.[10]. Use of
MeSH in Pubmed was evaluated by Lu et al. They investigated the use of MeSH in
query expansion. They used a process called: Automatic term mapping(ATM) for
expanding the query and observed that query expansion using MeSH generally
improved performance[11]. Use of UMLS and Wordnet has also been shown to
improve precision in web based search for medical documents[12]. Synonym, hi-
erarchical and term defination information was used by Hersh et al. to investigate
usage of UMLS Metathesaurus in health information retrieval. They observed
that overall performance was decreased, but for certain queries the performance

was improved[13].

2.3 Text Summarization in IR Tasks

Text summarization is often used in tasks like question answering, text catego-
rization etc[14]. Summarization is used to reduce the size of the text collection
and also to obtain important information from the collection. In this section we

restrict ourselves to the use of text-summarization in IR tasks.

4http:/ /www.opengalen.org/



2.3.1 Summarization for Postprocessing

Much work has been done in summarization of retrieved documents. In these
systems the output of the retrieval system is fed as input to the summarizer. Text
summarization is applied to obtain important features from the retrieved doc-
uments. Often the retrieved documents are clustered according to topics, and
finally summarization is done for each cluster. Kan et al. used automatic sum-
marization techniques to post-process documents and provide the user with an
overview of the results[15]. Tombros et al. investigated the use of query biased sum-
maries to improve user relevance judgments[16]. Summarization is often used to

improve the presentation of the retrieval results to the users[17].

2.3.2 Preprocessing and Indexing

Using summarization to aid in the retrieval process has not been explored much.
Application of summarisation to pre-process the documents before indexing can
be used was first suggested by Luhn in 1958[18].

Brandow et al. evaluated the effect of summarization on retrieval. They used
it to enhance the effectiveness of Boolean based retrieval. Text summarization has
been used for indexing, it was observed that summary index is as effective as the
corresponding full text summary by Sakai et al.[19].They also used the summary
index for pseudo-relevance feedback and observed an improvement of 5-10%.
Their hypothesis was that an effective generic summary would retain the relevant
contents of the original document while pruning irrelevant content. Text sum-
marization has been applied to the task of geographical information retrieval[20].
The authors used generic and geographic summaries with varied compression
rates to evaluate the effectiveness. They observed that geography-specific sum-
maries had a better performance than the generic summaries. They also observed
that compression rates between 60% to 80% obtained better results than the base-
line.

Indexing has been done on summarized corpus to reduce the index size. It
was shown by Lu et al. that pruning contents reduced storage costs by 54-93%
while causing minor losses in accuracy [21]. They were motivated by the costs
of storage of long documents and focused on reducing this cost. Summarization
techniques have been applied to the tasks of Music Information Retrieval(MIR) as
well where the authors observed that summarized datasets lead to a classification

performance similar to that from using full songs[22].



2.3.3 In Psuedo Relevance feedback

Sakai et al. evaluated the effectiveness of using summarized phrases from ranked
[19]. They observed that a compression ration of 5-10% worked best for precision-
oriented search. Lam et al. hypothesized that query expansion from complete con-
tents leads to addition of unrelated terms. They investigated the use of context-
independent and query-biased summaries and observed that query-expansion

using the summarized documents was more effective than full-document expansion[23].

24 Overview of best systems in CLEF eHealth 2013
and 2014

In this section we review the systems that were evaluated in the User centered
Health Information Retrieval task of CLEF eHealth 2013 and 2014. We provide a
brief overview of their methodology and their performance.

2.4.1 CLEF eHealth 2013

In the 2013 edition of the task there were 13 registered groups out of which 9 sub-
mitted runs. There were a total of 48 runs, with 9 baseline runs and 15 runs were
using discharge summaries(DS). P@10 and NDCG@10 were the primary evalua-
tion metrics for the task.

Team Mayo was the best performing team in the 2013 edition. They used query
likelihood model for their retrieval. They transformed both queries and docu-
ments to UMLS concept space and performed reranking on concept space. For
their best run they used Discharge summary with concept space reranking and
obtained a P@10 of 0.52[24].

On observing results of other teams we observed that the baseline provided
by the organizers: P@10 of 4860, was a strong baseline. Only 1 team(Team Mayo)
obtained results above the baseline. The baseline system used BM25 for retrieval.

2.4.2 CLEF eHealth 2014

There were 91 registered groups for the 2014 edition of eHealth task. 14 groups
managed to submit a total of 62 runs. The primary evaluation metrics were P@10
and NDCG@10. 4 teams used Discharge summaries to aid the retrieval.

Team SNUMEDINFO used language modeling for retrieval. For query expan-

sion they used an intersection of preferred terms and terms from Discharge sum-



maries. They used Metamap to obtain UMLS concepts. They obtained a P@10 of
0.8160 for their best run.

Team GRIUM used UMLS Metathesaurus to experiment with concept based
retrieval. Their baseline was based on language modeling using Indri. Their best
run obtained a P@10 of 0.75.

Two of the top ten runs used discharge summaries. For teams using discharge
summaries for retrieval, the runs using discharge summaries proved to be more

effective in retrieval.

10



CHAPTER 3
Data

In this chapter we provide information about the dataset we used for conducting
our study. The dataset was provided by CLEF eHealth labs to participants. The
dataset had 3 parts namely: Corpus, Queries and Discharge summaries. We describe

the information available in the dataset, the format and examples of the dataset.

3.1 Corpus

The dataset was a crawl of 1.6 million documents covering various medical top-
ics. The documents were a part of EU-FP7 Khresmoi! project. The collection was
prepared from a variety of online sources like Health on the net Foundation web-
sites?, well-known medical sites and databses like: Genetics home reference, Clin-
icalTrial.gov, Diagnosia® etc.

The size of the corpus was 6.3 GB compressed and 43.6 GB uncompressed. The
corpus was preprocessed by eliminating small documents and correcting errors
in the markup using Jsoup. The document collection was split into group of .dat
files, each containing a collection of web crawl from one domain.

The format of the data in the .dat files is described below: Each .dat file con-
tains a collection of web pages and metadata (data about data i.e. keywords),
where the data for one web page is organized as follows:

1. a unique identifier (#UID) for a web page in this document collection,
2. the date of crawl in the form YYYYMM (#DATE),
3. the URL (#URL) to the original web page, and

4. the raw HTML content (#CONTENT) of the web page

lht’tp: / /khresmoi.eu/
thtp: / /www.healthonnet.org
Shttp:/ /www.diagnosia.com/

11



3.2 Queries

The query-set contained 50 test queries and 5 training queries for each year. Since
we had the dataset for CLEF eHealth 2013 as well we had relevant judgements for
the 50 queries used. We used them as our training set. The query set aims to model
those used by laypeople (i.e. patients etc.) to know more about their medical
condition. The medical conditions were identified within discharge summaries
and linked to the matching UMLS (Unified Medical Language System.

A sample query from the official 5 training queries is shown below for refer-

ence:

<topic>

<id>QTRAIN2014.1</id>
<dischargeSummary>00211-DISCHARGESUMMARY . txt</dischargeSummary>
<title>Coronary artery disease.</title>

<desc>What does coronary artery disease mean?

</desc>

<profile>The documents should contain basic information about
coronary artery disease and its care.

</profile>

<narr>This positive 83 year old woman has had problems with her
heart with increased shortness of breath for a while. She has now
received a diagnosis for these problems having visited a doctor.
She and her daughter are seeking information from the internet
related to the condition she has been diagnosed with. They have
no knowledge about the disease.

</narr>

</topic>

The following is a description of the fields:

1. Title: Contains the actual text of the query.

2. Description: Detailed description of the query.

3. Narrative: Users expectation from the retrieved documents

4. Profile: Information about the patient e.g. Age, Sex etc.

12



5. Discharge summary: Filename of the associated discharge summary.

Along with English queries we were also provided with queryset of Czech,

German and French queries. This was used to evaluate multilingual IR.

3.3 Discharge Summaries

We were also provided with discharge summaries describing the medical condi-
tions of the users along with their queries. They were provided in order to obtain
some contextual information about the user queries. They were obtained from
the de-identified MIMIC-II database* (Multiparameter Intelligent Monitoring in
Intensive Care, Version 2.5).

3.4 Relevance assessment

The relevant assessment related information is as follows:

e The official training set consisted of 5 queries and corresponding result set
of documents generated from manual relevance assessment by experts on a
shallow pool. This training set was provided by CLEF.

e Pooled sets of documents was generated using Vector space Model(VSM)
and Okapi BM25 for the 5 training queries. Relevance assessments were

formed based on these pooled sets.

e Pooled sets were created by taking the top 30 ranked documents returned

by the two retrieval models with duplicates removed.

e Relevance is provided on a 2-point-scale: Non relevant (0); Relevant (1), and
on a 4-point scale: Non relevant (0); On topic, but unreliable (1); Somewhat

relevant (2); Highly relevant (3).

4http:/ /mimic.physionet.org
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CHAPTER 4

System Overview

In this chapter, we provide an overview of our system. The Fig. 4.1 shows the
block diagram of our retrieval system. The entire process can be divided into

sub-parts namely:

e Corpus Summarization

Indexing

Query Expansion

Retrieval

Pseudo Relevance Feedback

e 3 Preprocesing)
Document |—s Summarization | — Summaries | —_ ( ] —_— Processed —_— .
Collection | Collection | Sté)tppmg_and summarized Indexing
emming Collection
-—
Ranked
Collection
; Processed Query Expanded ;
Query — | Preprocessing | —— Query —_— Expansion —_— Gy —_— Retrieval
Discharge MeSH
Summaries

Figure 4.1: System Overview

We used text summarization and query expansion to supplement ad-hoc re-

trieval techniques.

14



4.1 Summarization of Document collection

We performed experiments with Textrank[25] and Lexrank[26] algorithms. Both
of these are graph based summarization techniques and work by deciding the im-
portance of a vertex within a graph using global information recursively drawn
from the graph. Our hypothesis was that using Summarization we would be able
to prune irrelevant information from the documents, while retaining salient infor-
mation, thus improving the effectiveness of the retrieval models.

We describe the summarization algorithms used in the subsections.

41.1 TextRank

In TextRank the text is first converted into a weighted graph. It does so by iden-
tifying text units that can act as vertices(eg word collocations, sentences etc.) and
then identifying the relations that connect the vertices. The edges are drawn based
on the relation and it can be weighted or unweighted.
The similarity measure for 2 given senteces S; and S; is given as follows:
~ H{wilwy € Si, wi € S}

Similarity(S;, S;) = log(1Si]) + log(]S;]) 4.1)

where each sentence is represented by a set of N; words that appear in sentence
S, = wﬁ,wé, ...,wé\]i.

For sentence scoring it uses PageRank[27]. If In(V;) is the set of predecessors of
vertex and Out(V;) is the set of successors then the score of a vertex V; is defined
as:

SV =(1—d)+dx ¥ 5V 42)

jinIn(V;) \Out(V])

4.1.2 LexRank

Lexrank is a graph-based technique for computing the relative salience of textual
units. It uses the concept of eigenvector centrality after modeling text as a graph.
It is a multi-document extractive summarization technique, that works by identi-
tying the most central textual units(sentences etc.) from a multi-document cluster.
The hypothesis is that the sentences that are similar to several other sentences in a

cluster are more central to the overall topic. The cosine between the 2 correspond-

15



ing vectors is used to compute the similarity between the sentences.

Ywexy Lfwxtfo, y(ldfw)
\/Zx ex (Lfx,xidfy)? Yy (tfylyldfy,)

S(x,y) (4.3)

where t f;, s is the term frequency of word w in sentence s.
For computing centrality LexRank uses Pagerank[27]. The idea of centrality is
used to rank documents as done in Textrank. The centrality p(u) of node 1 can be

computed using:

4 p(v)
p(u) = ~ (1—4d) vea%;(u) deg (o) (4.4)

where deg(v) is the degree of node v. The total number of nodes in the graph is
represented by N and 4 is the damping factor.

4.2 Indexing

Once the document collection is summarized we perform indexing on it. Indexing
is done on the cleaned and formatted document set using Indri with parameters
including tokenizing, stop-word removal and stemming. For stop-word removal,
we have used the PuBMed list of stop-words!. Standford Porter stemmer is used

for stemming during indexing.

4.3 Query Expansion using Medical Resources

In the second phase, for query expansion stop-word removal from the same PuBMed
list which is used during indexing is used. Spell-checking is also performed on
the query terms. Two dictionaries are used for spell checking and correcting, one
is the English US used in enchant and the second dictionary is specifically for

medical domain.?

4.3.1 Using MeSH as a Thesaurus

We used Metamap to extract medical concepts from the query. Using MeSH syn-
onyms of the queries were extracted. These synonyms were added to the query

to obtain the expanded query. For example the query:

1Free Medical Dictionary at http:/ /www.ncbi.nlm.nih.gov/books/NBK3827/table
/pubmedhelp.T43/
2ht’cp: / /www.essex1.com/people/cates/free.htm
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What is copd?
Was expanded(after stop-word removal and stemming) to:

copd chronic obstructive pulmonary disease

We used Metamap to perfrom a unigram named entity recognition(NER) on
the query, to obtain medical concepts from the query. We then obtain the MeSH
synonyms of these identified entities and add them to the query. In the above
example copd was the identified medical entity. We added chronic obstructive

pulmonary disease was the synonym.

4.3.2 Contextual Information from Discharge Summaries

We used medical history from the discharge summaries of users posing the query.
This enabled us to supplement the user query with contextual information. We
used Metamap to extract medical terms from the discharge summaries and ex-
panded the query with them.

Our hypothesis was that there could be hidden medical concepts that could be
extracted from the medical history that were not present in the query. This would

prove to be a valuable context to obtain the patient’s information need.

4.4 Documents Retrieval

We experimented with various retrieval models. We provide a brief overview of

the models that performed well for us.

4.4.1 Okapi Model

We make use of the famous Okapi Model[28]. The weighting based documents

score is calculated as in below formulae:

B N (ky + 1)tfy (ks + 1)t fig
fovi= 1 9835 T e T B 49
score(D,Q) = i IDF(q;) f (9, D). (k1 +1) 5] (4.6)
i=1 f(% D) +k1(1 _b+b'avgdl)
IDF(g;) = ZOgN;(Zi()qi 350.5 4.7)
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Here, ¢ is term’s frequency in the document.

qty is term’s frequency in the query,

N is the total number of documents in the collection,

df is document frequency that contains the term,

dl is the document length (in bytes) and

avdl is the average document length.

This formula has three components: The first is the id; part which reflects the
discriminative power of each word. Second part is tf component which is the
number of documents in which that particular term is encountered. The value
of tf generally increases, but reaches an asymptotic limit. Which implies that
whether a term appears a 100 times or a 1000 times the function will weight it
almost the same. Also, there is a correction for document weight. If a document
is short, the tf for all its words is increased; if a document is long the tf for all
its words is decreased. The count of each word is measured with respect to the
document of average length in the collection. The third part is gt f component. If a
word in the query appears more times than another it should be weighted higher.

4.4.2 Query Likelihood model

We construct from each document in the collection a language model M,;. Our
goal is to rank documents d by P(d|q), where the probability of a document is
interpreted as the likelihood[29] that it is relevant to the query. Using Bayes rule,
we have P(d|q) = P(q|d) = P(d)/P(q)

Since the probability of the query P(gq) is the same for all documents, this can
be ignored. Further, it is typical to assume that the probability of documents is
uniform. Thus, P(d) is also ignored. Hence, P(d|q) = P(q|d).

Documents are then ranked by the probability that a query is observed as a
random sample from the document model. The multinomial unigram language

model is commonly used to achieve this. We have:

P(q|My) = Ky [T P(t|My)!fa (4.8)
teV

where the multinomial coefficient is :

Ky = L/ (tfirg't fia gt fintg) (4.9)
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In practice the multinomial co-efficient is usually removed from the calculation.
The calculation is repeated for all documents to create a ranking of all documents

in the document collection.
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CHAPTER 5

Experiments and Results

In this section we describe our experiments and explain our results. We compare
our results with the best systems of CLEF eHealth 2014. Our system was the
best system in terms of MAP performance in CLEF eHealth 2014. We investigate
the use of MeSH, Discharge summaries and Summarization and perform failure

analysis.

5.1 Runs submitted to CLEF eHealth 2014

We submitted six of the seven runs in the task that are described in table 5.1.

Following is a brief description of each of the runs:

Run QL Okapi MeSH DS Summary
v’ Baseline run
v’ optional run WITH DS 1
optional run WITH DS 2
- NOT SUBMITTED 3
v optional run WITHOUT DS 1
v v’ optional run WITHOUT DS 2
v’ v’ optional run WITHOUT DS 3

v’
v’

N OV U1 | QI N| =
\
\
1

Table 5.1: Overview of runs submitted

1. RUN 1: The first run was is the system baseline run. In this run we use only
the primitive blind relevance feedback mechanism for query feedback and
query-likelihood model for query expansion. Use of external libraries and

resources is exempted from in this run.

2. RUN 2: Run 2 and 3 are the runs WITH Discharge summaries. In run 2 we
use the combination of query-likelihood model and discharge summaries,
text extracted from < desc > tags, for query expansion and document re-

trieval processes respectively. The medical words are extracted from dis-
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Top 5 runs based on MAP
0.42

0.4146
0.415

0.4096
)41
0.4054
0.405 ,
0.4021 0.4016
0.395

MR

Run.2 Run.l Run.1 Run.5 Run.5
IRLabDAICT | IRLabDAICT Refali RePali GRIUM
Run ID

Figure 5.1: Comparison of MAP scores for top 5 runs

charge summaries and incorporated with the wordset obtained by query-
likelihood model using a special weight function. The words obtained from
the user query are given prominent weightage (0.7) while the words ex-

tracted from discharge summaries are given lesser weightage (0.3).

. RUN 3: It is a variant of run 2, in which okapi model is introduced for

retrieval process along-with discharge summaries for query expansion .
. RUN 4: We did not submit run 4.

. RUN 5: Run 5 through 7 are the runs WITHOUT Discharge summaries.
Run 5 makes use of the Okapi model along with blind relevance feedback

for retrieving documents.

. RUN 6: We used the Query Likelihood model for retrieving documents. We
also used MeSH for query expansion. Medical concepts are identified using
MetaMap and their synonyms were used for query expansion following the

same weighting strategy as with discharge summaries.

. RUN 7: We used the Okapi model for retrieval along with MeSH for query

expansion.

5.1.1 Comparison with Other Systems

Our system outperformed all other systems in terms of MAP score. Our Run2
and Runl has MAP scores of 0.4146 and 0.4096 respectively. Figure 5.1 shows the
MAP values for the top 5 teams that participated in CLEF eHealth 2014.
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Figure 5.2: Querywise comparison of Run 2 with the best and median runs across
all systems. The x-axis in the plot correspond to the query numbers. The y axis
corresponds to gains and losses of our Run 2(and the best run) against the media

In Figure 5.2 we plotted the querywise comparison of our Run 2 against both
the median and the best result. For 11 queries our system was better than the
median result. For 8 queries our system was the best performing system. For 11

queries the system was worse than the median.

ID P@5 P@l0 NDCG@5 NDCG@1l0 MAP
Run.1 0.712 0.706 0.693 0.687 0.410
Run.2  0.704 0.702 0.686 0.689 0.415
Run.3 0548 0.564 0.558 0.566 0.250
Run.5 0.668 0.654 0.652 0.636 0.303
Run.6  0.732 0.688 0.717 0.688 0.369
Run.7 0316 0.294 0.311 0.294 0.174
Best 0.816 0.756 0.774 0.744 0.415
Median 0.672 0.631 0.652 0.634 0.318

Table 5.2: Comparison of performance metrics for our submitted runs vs the best
and median off all submitted runs(by all teams)

5.1.2 Performance of various models

We experimented with 3 models, namely: tf-idf, Okapi and Query likelihood. We
observed that the Query likelihood model out performed all other models. The
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Figure 5.3: Comparison of P@10 for Query likelihood, Okapi and tf-idf

Okapi model performed better than the tf-idf model and hence we used it in Runs
3,5 and 7. The results are shown in Figure 5.3

5.2 Summarizing Corpus Before Indexing

In our experiments we applied both Textrank and Lexrank to the document collec-
tion and observed the results. We tried different compression ratios and observed
the effect of varying the compression ratios on the retrieval process. The compres-
sion ratio is defined as the ratio of the size of the summary(S) to the size of the

original document(D):

lengthS

lengthD G1)

Compressionratio =

5.2.1 Effect of compression ratio on retrieval performance

We experimented with compression ratio of 20%, 40%, 60% and 80% and our goal
was to find the optimum compression ratio that can be indexed to improve the
retrieval performance. The effect of compression ratios is depicted in Fig.5.2.1

Table 5.3: Effect of LexRank with different compression ratios on retrieval perfor-
mance.

Compression | P@5 | P@10 | MAP | NDCG@5 | NDCG@10
20% 0.444 | 0.434 | 0.237 | 0.443 0.446
40% 0.496 | 0.454 | 0.270 | 0.500 0.475
60% 0.452 | 0.450 | 0.277 | 0.464 0.465
80% 0.492 | 0.461 | 0.295 | 0.492 0.488
Baseline 0.472 | 0.458 | 0.321 | 0.486 0.476
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Figure 5.4: Effect of compression ratio on summaries

24

T




Table 5.4: Effect of TextRank with different compression ratios on retrieval perfor-
mance.

Compression | P@5 | P@10 | MAP | NDCG@5 | NDCG@10
20% 0.392 | 0.388 | 0.209 | 0.393 0.399
40% 0.432 | 0.406 | 0.242 | 0.445 0.430
60% 0.452 | 0.414 | 0.259 | 0.461 0.440
80% 0.478 | 0.456 | 0.280 | 0.488 0.475
Baseline 0.472 | 0.458 | 0.321 | 0.486 0.476

Comparsion of LexRank and TextRank
Using P@10 as evaluation metric

0.48
0.46

0.44
W Lexrank

0.42  TextRank

0.4
0.38
0.36
0.34

20 40 60 80

Compression Rate

P@10

Figure 5.5: Comparison of LexRank vs Textrank on retrieval performance(in terms
of P@10)

From the results obtained in Table 5.3 and Table 5.4 we observe that the sum-
marization before indexing improves performance for certain compression ratios.
It can also be observed that retrieval on summarized documents outperforms the
baseline in terms of P@5. We also observe that in both Lexrank and Textrank the
retrieval performance gradually increases as we increase the compression ratio,
peaking at around 80% compression ratio, which is outperforming the baseline in
terms of P@10. It should also be noted that the MAP score for the baseline is the
highest.

5.2.2 Comparison of LexRank vs TextRank

In Fig. 5.5 we obsever that LexRank clearly outperforms TextRank in terms of
P@10. On comparing Table 5.3 and Table 5.4 we observe that this is true for most
metrics. We also observe the performance gap between TextRank and LexRank is
very high for low compression ratios, the gap is much lower for higher compres-

sion ratios.
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Figure 5.6: Querywise difference graph comparing MeSH vs Baseline run.

5.3 Result Analysis

5.3.1 Investigating use of MeSH

We observe that using MeSH as a thesaurus can boost the overall performance of
the retrieval system. Although from the difference graph we observe that this is
not true for all queries. We therefore need a mechanism to perform selective query
expansion. From Fig 5.6 we observe that using MeSH improved performance
on 13 queries. On inspecting the queries for which use of MeSH hampered the
performance, we observed that for such queries the query was flooded with a lot
of synonyms some of them being irrelevant or redundant. We therefore need to
have a ranking mechanism to rank the query expansion terms and prune terms
that are not highly ranked.

5.3.2 Investigating use of Discharge Summaries

Using Discharge Summaries and Query likelihood gave the best MAP score. From
inspecting the queries for which use of Discharge summaries hampered the re-
sults we observed that several medical entities, irrelevant to the current query

were added to the query thus hampering the performance.

5.3.3 Analysing effect of summarization before indexing

Text summarization was used to retain salient information from the documents

while pruning irrelevant material. We observed that using summarization at 40-
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80% works best for our purposes, often better than the baseline. For compression
rates of less that 40% relevant information was lost leading to reduction in re-

trieval performance.
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CHAPTER 6

Conclusion

We described the different approaches to user-centered health information re-
trieval. We observed that health information retrieval poses several challenges.
To address the issue of vocabulary mismatch proper treatment of both the query
and the document are required.

Using medical resources namely MeSH and Discharge summaries has shown
promise. From the results we observed that query expansion resulted in improve-
ment for only a set of of queries. Thus we need to develop mechanisms to perform
selective query expansion.

A summarized index can be used to replace the full corpus index. Text sum-
marization with a compression rate of 40-80% outperformed the baseline. This is
because the documents in the summarized collection retain only salient informa-
tion while pruning irrelevant information. Hence if there is an agreement between
the query and the summarized document there is a high chance that the original

document and the query are also in agreement.
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