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Abstract:

The purpose of this thesis is to undertake and improve the accuracy of locating the relevant
documents from a large amount of Electronic Medical Data (EMD). The unique goal of this
research is to propose a new idea for using medical ontology to find an easy and more reliable
approach for patients to have a better understanding of their diseases and also help doctors to
find and further improve the possible methods of diagnosis and treatments. The empirical studies
were based on the dataset provided by CLEF focused on health care data. In this research, | have
used Information Retrieval to find and obtain relevant information within the large amount of
data sets provided by CLEF. I then used ranking functionality on the Terrier platform to calculate
and evaluate the matching documents in the collection of data sets. BM25 was used as the base
normalization method to retrieve the results and Pseudo Relevance Feedback weighting model to
retrieve the information regarding patients’ health history and medical records in order to find
more accurate results. | then used Unified Medical Language System to develop indexing of the
queries while searching on the Internet and looking for health related documents. UMLS
software was actually used to link the computer system with the health and biomedical terms and
vocabularies into classify tools; it works as a dictionary for the patients by translating the
medical terms. Later | would like to work on using medical ontology to create a relationship

between the documents regarding the medical data and my retrieved results.
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1. Introduction:

In the recent years, health care institutes establish user-friendly environments using new
technologies for patients to be more involved and to have a better understanding about their
health information. They can also have access to their Electronic Medical Records, which will
file the information instantly and securely. EMR are the structured collection of health
information about the patients that are stored electronically in a digital format. These records can
be shared with the different health institutes across the city or country which can also be
available for the doctors. EMR are the logical collection of electronic records of patients’ health
information such as clinical reports, scans and images, summaries of their personal health and
medical issues and the required information for diagnosis and treatments [3] [6]. This
demographic system is designed to carefully capture the state of the patient’s health history and
improve the treatment conditions. Electronic Health Records on the other hand are a range of
data consisting of medical history, laboratory tests, personal health, and billing information.
They go beyond the data collection phase in health institutes and include a broader history of the
patients’ health [6]. EHR improves the capability to diagnose diseases and find a better
treatment. It consists of different types of structured data such as drugs and the dosages, and also
unstructured data such as health descriptions, which consists of the reasoning behind the
prescription of the drugs.

EMR are widely used these days because they reduce the use of paper-based records and can
track the data and information and also monitor patients’ health and treatments due time, which
can improve and develop the overall quality of the health care system. This clinical data is
collected in a digital format and sent to the health centers; hence it is safe, up to date and

accurate [6]. EHR of the patients’ acts as a repository of the information about their health status



and diagnosis in a computer based format.

Today Information Technology is capable of transforming the way health care is represented and
also documented. Unlike traditional clinics, databases in modern clinics and health care institutes
can repeatedly capture organized data about the medications, diagnosis, laboratory results,
imaging, scans and other aspects of health care. Clinical data that describes and represents the
general health conditions and the required treatments for the patients has become a very popular
research area these days.

Information Retrieval (IR) is a way to gather relevant and applicable resources, which can be
based on metadata or full text indexing. It is usually used for retrieving unstructured data such as
enormous groups of electronic text and data. Google is one of the most popular search engines
used in IR services, provides easy and reliable access to the most recent and up-to-date
information and is becoming one of the main forms of accessing information and unstructured
data which has no clear specification or definition and is overtaking the old-styled ways of
searching. Web search is by far one of the most popular methods of obtaining information in IR,
which can provide a search over too many documents and resources online.

This method is now being used in many universities and libraries around the world. The way
Information Retrieval process works is, a user enters a query in the system, which can be a
document, image, audio, video etc.; and then several data objects are used in the entered query,
which can have similar or different degrees of relevancy. IR system will then score and rank the
objects; the top ranked ones are then presented to the users. On the other hand, we first need to
search and collect the proper data set. Dataset is a collection of documents, web pages and web
sites consisting of the topics related to our research area [5]. After the data is selected, the

information will be processed, and then a model will be built using different algorithms and



techniques for the collected data set. Following this step, we need to index the data in order to
find the related documents based on the similarity of the keywords in the database [1] [2] [3].

When searching through the database, a search term is submitted and then the system will check
the query terms and keywords to find information. Query is symbols and circumstances that help
us find the proper information regarding the research topic. Information Retrieval system finds
the information that is relevant to the users’ query and search through the collection of either
structured or un-structured data. IR software will then classify the entered data with the existing
information in the database and return the results. When searching in the databases, it is usually
hard to find the exact term that we are looking for. After the term is found, we need to develop
our search to find relevant documents and sometimes need to look into different databases and
link the contents [4]. IR system ranks the documents in response to a document and then the
occurrence of the query is scored to find relevancy and is sorted in decreasing order. Evaluation
IS @ measurement that combines relevant topics using TREC eval (Text Revival Evaluation
Conference) evaluation tool which was formed by Donna Harman and colleagues for large
number of test collections. Working with these new data sets proved that the earlier weighting
models and ranking strategies were not suitable for different collection types [5]. The purpose of
TREC is to support the research in Information Retrieval and help to provide a method for

evaluating the text retrieval in enormous procedures.



There are two main features for measuring the performance of the IR system:

1. Efficiency measures in terms of time (response time) from sending a query by the user and

getting the results, and space for storing the index and the data structures.

2. Effectiveness measures the relevancy of the document to the given query. After the
relevancies of the context of the documents are ranked the novelty of these contexts are

considered.

The evaluation of Information Retrieval System performance is an important factor in improving
the techniques and maintaining the effectiveness and measuring how successfully the IR model
can reach its goal. System will assign weight for the retrieval documents and provide ranking.
More relevant documents are ranked in advance of the documents that are less relevant. It is
important for the system to return the results fast, accurate and reliable to the users. It is also
useful to compare and rank the results obtained from the different types of retrieval techniques to

gain the best results possible.

Information

| Text Collection

Meed
v ¥
Indexer Interpretation
J. ¥
Indexed Query |

Documenkts

Comparison

v

Retrieved Documents

Figure 1 : Document Retrieval

[67] Christopher D. Manning, Prabhakar Raghavan, Hinrich Schitze — An Introduction to Information Retrieval, 2009.



Examples of Information Retrieval:

We use Google to search for the work “diabetes, as clearly shown in the picture 246000000

results pops up in less than 1 second.

About 246,000,000 results (0.38 seconds)

Type 1 or type 2 diabetes - Diabetes strikes all ages - jdrf.ca
weww_jdrf.ca/T1D-T2D ~
Discowver how we help in Canadal

Type 1 or type 2 diabetes Wihat is type 1 diabetes?
Meed to know the difference in the Type 1 diabetes is an autoimmune
types of diabetes? disease which destroys beta cells.

Canadian Diabetes Association: Home

ntpsdAeaww diabetes. cal -«

Supports people affected by diabetes by providing information, diabetes research,
education, service, and advocacy. Offers disease information, programs, ...
Clothesline - Donate NMow - Recipes - Guidelines

Signs & Symptoms | Canadian Diabetes Association

www . diabetes cafaboui-diabetes/signs-and-sympitoms -

There are many signs and symptoms that can indicate diabetes. Signs and symptoms
can include the following: Unusual thirst; Frequent urination; Weight ...

Treatments & Medications - Prediabetes - Living with Type 1 Diabetes - Risk Factors

Diabetes mellitus - Wikipedia, the free encyclopedia

hittpsffen wikipedia_ orgfwiki'Diabetes_ mellitus -

Diabetes mellitus (DM). commonly referred to as diabetes. is a group of metabolic
diseases in which there are high blood sugar levels over a prolonged period.

ICD-10: E10—E14 Specialty: Endocrinology

Diabetes: Symptoms, Causes and Treatments

weww medicalnewstoday comdinfo/diabetes, -

Diabetes, often referred to by doctors as diabetes mellitus. describes a group of
metabolic diseases in which the person has high blood glucose (blood sugar), ...

WebMD Diabetes Center: Types, Causes, Symptoms,. Tests ...
wheew webmd comfdiabetesS -

Learn about type 1. type 2. and gestational diabetes symptoms. causes,. diagnosis,
treatment. diet. management. and diabetes prevention.

Figure 1.1 : Example of Searching for Diabetes



Document Retrieval is the process of finding matched text records for a user query and ranking
the matched results based on their relevancy. There are two methods of indexing in DR, Form-
Based that addresses the particular unstructured text and compares it to the matching word of the
search query, and Content-Based that is the process of finding connection between queries and
documents. Content-Based DR usually uses invert index algorithm for retrieving relevant
documents. Document Retrieval is the concept of providing users with the relevant documents in

a secure and fast manner [58].

Natural Language Processing (NLP) started in 1950s and is a field in Artificial Intelligence,
computational linguistic and computer science which is related to the interaction between
computers and human language. Modern NLP algorithms are based on statistical machine
learning which inputs the enormous amount of data focused on statistical models and then makes
the probabilistic decision based on the weight of the data and converts the text information into
an understandable natural human language [39]. NLP uses different techniques such as stemming
(which is the process of mapping the searched words to some form), chunking (which is the
process of separating the words into two or more phrases), word sense disambiguation (which is
the process of distinguishing the correct word), part-of-speech tagging (which is the process of
assigning syntactic class to each word in the actual text to resolve the uncertainty) and so on

[59].

Information Extraction however is the process of extracting novel and special data in a
collection of documents in a specific domain. Information Extraction converts the elements of
unstructured texts in the document into a structured data and also identifies the relationship
among the data in the database. IR returns documents but IE returns and extracts specific type of

information and details. These days IE is useful for extracting biomedical and clinical text;



Biomedical texts are specific information that are written in the books, medical article, abstracts
and so on, but clinical tests are the information and facts that describe patients’ health, medical
history, diagnosis diseased and so on. One approach in IE is pattern matching which achieves
basic patterns over the diversity of structures but it lacks the ability of generalizing restrictions

and the ability of reaching to the new domain [38].

Information Extraction is used mainly in NLP system to extract precise and accurate information
from the text or document and creates records in the database. While the information comes from
too many different sources, ontology should consider all references in the text by figuring out if
the references in different resources relate to the same object in the research domain.

Ontologies deliver formal and clear terms of conceptualizations which is why they are really
important these days in IE process and semantic Web applications.

Ontology for General Medical Science (OGMS) is ontology of the medical and clinical entities
such as diseases, diagnostics and patients’ health care but OGMS only covers the human

ontology [50].

Natural Language Processing distinguishes the difference between Information Retrieval and
Information Extraction; IR retrieves the relevant subject from a collection of documents and
presents them to the users. The majority of the IR systems search for the keywords. PubMed
search engine is using IR techniques, which is a free search engine to access MEDLINE
(Medical Literature Analysis and Retrieval System Online) database regarding biomedical
information [57]whereas IE (Information Extraction) is the process of retrieving the relevant
medical information and facts from the documents, then structuring these documents and adding

semantics to them [48]. IE system can be used in health care to keep records of patients’ health



problems, diagnoses, test results, symptoms and the required treatments in their files. These

systems can help the health institutes to keep track of all the useful information.

The amount of medical and clinical data these days are used based on the amount of information
extracted. Natural Language Processing is used for translating and converting this vast amount of

information and text into more user friendly and human language texts.

Ontology-Based Information Extraction is now considered as a subfield of IE in a way that the
result of the IE is characterized within ontology. Ontology is usually specified for a particular
domain and since IE extracts data from a specific domain, combining these two methods can be

useful.

Bioinformatics, on the other hand, is the science of managing, analyzing and extracting the
information. Along with Information Retrieval and understanding the genome, DNA and protein
sequencing since 1980, Bioinformatics uses computers to gather molecular biology and analyze
DNA and Protein structure using mathematical algorithms. Research in bioinformatics has been
changed by the new data. The biomedical data can vary from simple to complex. Database is
used to maintain and obtain the information. Gene on the other hand is a protein coding area,
which makes a small part of the genome. Evaluation is a measurement that combines relevant

topics using TREC_eval evaluation tool.

Databases retrieve and analyze the information in different steps: First they retrieve the
sequences by features and annotations or by patterns. Then, they compare those sequences. In
Biomedical Information Retrieval, database translates DNA sequences to protein sequences.

After this step is done, database understands the protein structure using statistical methods. Then



the database should identify the pattern in order to see the relationship between the sequences.

The last step is to provide the molecular graphics in a classified structure [5] [6].

1.1 Terrier:

Terrier is an open source search engine for collecting, indexing and querying the large scale of
documents, and retrieving the results. The program was developed in Java in the University of
Glasgow, Computer Science department. It runs on both Windows and UNIX. Index/ and results/
are collected in var/. In order to index, Terrier parses the collection of documents and then

develops the tokens and creates compacted index structures.

Indexing Architecture:

Collaction
of Documant lerm
Documents
I 5 Spiit _ Tokense t
L{ ? ? Collection Document

Index Data P‘T'E"m
Structures ipeine

Sitopword Removal

Figure 1.1.2 : Example of how Terrier Works

[7] http://trec.nist.gov



Then Terrier pipelines the tokens by passing the tokens through the term pipeline in two ways.
One is transforming the term while the other dropping the term. Indexing uses Lexical or Direct
inverting to index. Lexical indexing stores the collection of vocabularies and the matching
documents while Direct Indexing stores the identifier of the terms that are located in each

document and consists of the information about the document [7].

Inverted Indexing is indexing data structure for full text search of the words when a document is
added to the database. Inverted Index is the central element of indexing algorithm and the main
purpose of using Inverted Indexing is to improve the speed of the query. In order to build an
Inverted Index, the system will first needs to collect the documents to be indexed, and then it
tokenizes the text in order to change each document into a list of tokens. Later, the lists of

normalized tokens are formed and the terms are indexed to create Inverted Index.

Lexical Indexing is the process of converting the query terms into words or tokens. It is the first
step of automatic indexing and query processing and produces the index terms and tokens that

are parsed into an internal demonstration for comparison with the other indexes.

Terrier consists of many DivergenceFromRandomess weighting models along with statistical
retrieval models such as BM25 and also Language Model. It provides real-time indexing,

flexible retrieval, efficient and effective ranking strategies.

Terrier Platform is flexible and useful in text retrievals on TREC standard and CLEF test
collation. Terrier can read and index tagged, TREC formats and Web collections. It consists of
different weighting and statistical retrieval models. It has also been used for ad-hoc and cross-

language retrievals. Terrier platform has successfully been used in Web and TREC 2002-2004

10



and considerably achieved better results against the median of the runs submitted by the

participants in CLEF. It also provides and supports languages other than English [7].

2. Research Problems:

Information Retrieval system is designed to ideally evaluate the exact relevance of each
document in a collection and create a query. However in a retrieval process, it is sometimes
difficult to calculate the relevancy of the document. In this research, there were multiple query
terms and therefore various options to find the relevancy. The document collection and the
amount of given data provided by CLEF was really large and the goal was to search through the
entire collection and get the most relevant and matching document in the shortest period of time
and thus keep the system response time for processing this high amount of data as minimal as
possible. The size of the data collection as well as the format of the data set was not readable by
Terrier Platform, the IR system initially planned to use; hence the first step was to change the
format of each collection in order to be able to index the quires. This solution resulted in another
minor problem which was a need to use too many queries for indexing. Finally, | ranked the

retrieval results and looked for the best possible answer among the documents.

Finding the relevancy in the documents was the first and most important factor in this research.
My main motivation to start working on such topic in health care and biomedical environment
was to retrieve and find the best possible results to help the doctors improve their diagnosis tools
and find better treatments for their patients as well as help the patients have a better

understanding of their health issues and diseases.

11



In general, this research addresses the following questions:

- Why Information Retrieval is important in medical field?

- What is the use of EMR and EHR?

- What is medical ontology?

- Why did | use PRF as my preferred weighting model for ranking and UMLS for
translating the medical terms?

- How can UMLS help both patients and doctors?

12



2.1 Contributions:

| first used BM25 as the base weighting model to rank and evaluate the indexed queries in order
to obtain the relevancy, and then | used Pseudo Relevance Feedback (PRF) field based weighting
model. Later, | compared the results obtained from the different runs and ranked them using
probabilistic modeling such as Vector space and Unified Modeling Language System. My main
idea was to find a unique way to help the patients understand the biomedical science by using a
simple dictionary and also be able to make a link between medical terms and everyday
vocabularies in order to have a better understanding of their disease and possible ways of
treatment. | proposed using medical ontology to retrieve the medical data as my approach and
then combined it with using UMLS (Unified Medical Language System) for indexing and
looking for the matching documents and queries regarding patients and their diseases. UMLS is a
tool and software that is used to understand the health care and the medical terms and
vocabularies more precise and accurate across different computer systems. The queries were then
mapped to the relevant medical concept in the ontology so that the meaning of each medical term
could be determined. Each medical term consists of statistical information of the particular
disease in the patient’s records. In order to define the degree of the relevancy of each query term
and rank the results That being said, | used UMLS which can act as a repository that provides a
structured database and software to further understand the ontology of biomedical concepts and
improves the electronic medical records as well as obtains the health data and records [16].
UMLS translates the diagnosed diseases into a natural language that is easy to read and
comprehend for the patients. UMLS has more than million terms for medical concepts whereas

biomedical vocabularies consist of the relations between these terms. These two can be related

13



internally or can also be linked to the external knowledge resources and databases to obtain up-

to-date information.

This method provided automatic local analysis for obtaining improved retrieval performance as

well as finding the most relevant documents.

14



3. Probabilistic Model:

3.1 BM25

BM25 is the classical probabilistic retrieval model and stands for “Best Matching”. It was first

developed in 1970s and has been known as one of the most effective ranking functions used in

Information Retrieval for many years. The advantage of using BM25 over other models is its

ability to perform fast indexing and obtain reasonable results. It is the base weighting model and

is used for ranking the matching documents based on their likelihood of relevancy in the

searched query terms. BM25 is also mentioned as “Okapi BM25” in some references. BM25 can

be divided into two different ranking modifications:

Score(D,Q) = IDF(q;)

BM25F in which research documents and queries are collected from various different
fields and formats containing headers, main body, footnotes, texts and etc.

BM25+, on the other hand, is the addition to BM25 that was established for ranking and
scoring the long documents and finding the relevancy between the query terms. BM25+

scores the documents using the formula below:

FlqiD)(ky+1) L5
FlaD)+ko(1-p+p -2 ) [23]

i=1 avgdl

Where D is a document and Q is a query then f(g;. D) is term frequency in the document.

ID| is the length of the document , and avgd! is the average document length in the text

collection.

15
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k, and b are free parameters.

IDF(g;) is the IDF (inverse document frequency) weight of the query term g;.

In this research, |1 used BM25 normalization model as my base line. In BM25, the weight of each
term is assigned by taking into account the query term frequency in the documents [9]. A

document’s weight for a query is given by the sum of its weight for each term in the query:

|2

BM25(D) = Z Wi{g;,D)
i=1

[10]

i=1 where w is the term weight, and |Q| is the length of the query Q [10].

Terrier provides two different implementations of BM25,

1. Standard BM25 implementation

2. BM25-DFR [8].

16
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3.2 DivergenceFromRandomness (DFR):

DivergenceFromRandomness or DFR is also one of the first models of Information Retrieval. In
this model, the weights of the terms are calculated by measuring the divergence among the
distribution made by a random process and the actual distribution itself. DFR first selects the
basic randomness model and after applying the first normalization, it tries to normalize term
frequency [8]. The term weight is contrarily related to the probability of the term frequency in

the document “d” obtained by model “M” of randomness [4].

Weight(t|d)a - logProby,(t € d|Collection)

[4]

In other words, the term weights are measured by calculating the divergence between a term
allocation obtained by a random process and the actual term distribution [8].
DivergenceFromRandomness model is similar to the language model and is based on the idea
that if the frequency of the document term in the collection is more divergent, the more

information is carried by the word in the document.

17



DFR is based on two randomness models:

1. Binomial Model: is the existence of a single term in a document, it is the probability of

having a failure or a success; it is sometimes called Bernoulli trial.

Proby (tf) = Proby = B(N, F, tf) = ( ri} )prqu—rf

1 N-1

withp=-andg=—

p=ymmea=-y 671
N is the number of documents in a collection

F is the total occurrence of a term

tf is the number of occurrences of a term in a document

2. Bose-Einstein Model: is the random distribution of a word in documents. This model is
the probability of achieving and enhancing the statistical relationship between the terms

by calculating the possible occurrence of the relevant document.

~logProb, (t € d|Collection) = - log (i)(i)t‘r

1414 vi4d [69]

TF is the term-frequency of the term t in the Collection
tf is the term-frequency of the term t in the document d
N is the number of documents in the Collection

pis 1/N and g=1-p

18



4. Ontology based approach using Pseudo Relevance Feedback for ranking and
UMLS for Translating:

In computer science, ontology is referred to the demonstration of entities, types, ideas, events
and properties that exists for a specific domain of terms and is used to create a relationship
between the sets and documents that are used and calculated. It is also a description of the
concepts and the relations between them that is mostly used in Web applications because it can

provide a shared knowledge about the terms that are used in the real world [31].

Ontology basically deals with the nature and the association of the certainty which nowadays has

been combined with the computer science research area.

According to Aristotle ontology is the science of being and he defined 10 categories for his
theory, which later Franz Brentano summarized Aristotle’s categories in to more organized
structure. This idea was later challenged by Emmanuel Kant; he classified his theory in to 4
main categories such as Quantity, Quality, Relation and Modality and divided each 4 into 3

more subcategories [73].

In recent years medical ontologies are commonly being used in Information Retrieval and
Biomedical Informatics. The main purpose of ontology is to reformulate the queries in order to
improve the quality of the obtained results and therefore, it has been moved from the artificial
intelligence laboratories to the desktops of the specialists to provide operational configuration for
supporting diagnoses based on the data. It is a way to provide more common and user-friendly
terms in order to enable the communication between the patients and the medical doctors. It can

also be used as query for the information resources [35].

19



Our approach in this thesis was to develop and improve a unique retrieval tool which | am
explaining in my thesis that is going to be beneficial for doctors to find patients with similar
diseases and look for better treatments. Medical Ontology is a knowledgeable specification and
definition of a term and concept. It can be used to filter out un-necessary and un-related
information based on the resources in a research domain. It has been a very useful area in
Information Retrieval and Biomedical Informatics [24]. However, searching for biomedical
information in an enormous collection of medical data is not an easy task and that is why we
require tools and resources to make the Information Retrieval process faster and more accurate.
We realized that, by using medical ontology, we were able to develop the queries and improve

the results in a timely manner.

4.1 Different Types of Ontology:

- Top-Level Ontology:

Are the most general ontologies which defines the top level in the ontology and other ontologies

are connected either directly or indirectly.
- Domain Ontology:

Is used to define a specific domain, such as medicine, politics, and clinical trials. Domain

Ontology is usually attached to the top-level ontology.
- Task Ontology:
Is used to describe the top-level Ontology for a specific activity.
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- Domain-Task Ontology:

Is used to describe the domain-level ontologies on the domain-specific activities.

- Method Ontology:

Is usually used to define a relevant concept and the relations between them.

- Application Ontology:

I usually used to achieve the information in a particular application [73].
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5.1 Relevance Feedback:

Relevance Feedback is a technique in Information Retrieval which collects the results that are
initially returned from the query and uses that information to figure out if those results are
relevant to initiate implementation of a new query [26]. This technique is used to improve the
users’ initial query and facilitate a better retrieval process. First, the user forms a query and then
the system returns the preliminary set of results and helps the user to mark the returned
documents as relevant or non-relevant. It also gives feedback through which the system can
process a better and more accurate ranking based on the given feedback to improve the retrieval

results [27].

Figure 5.1.1 : Relevance Feedback Between and A and B

Feedback exists between A and B and affects both parts.

First we have to find the top document which can be reached by using inverted index algorithm,

and then we have to find the highest terms in the top documents.
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There are three different types of Relevance Feedback:

Explicit Feedback: which is gained from the evaluators of the relevance documents retrieved for
a query. The degrees of relevancy in the documents are referred to as numbers and/or letters.
Implicit Feedback: This is based on the users’ search performance on the documents they select
and also the duration of the search.

Pseudo Feedback: It is also referred to as blind relevance feedback and is used for automatic

local analysis for retrieving improved results [26].

Relevance Feedback can be very effective in the case that users don’t have very good
information about the data collection therefore RF can track and calculate users’ needs to the
best of their knowledge. RF can be extremely useful for Image Search by helping the users to see
the returned results and easily understand the relevant and non-relevant images and documents.
The way it works is that RF searches over the images and then the users can view the initial
query of the results and locate the relevant results [27]. Using RF enables us to add the query
terms and modify their weight and provides the users with the relevant documents in the initial
set of results. These calculations are later used to improve the ranking process and give a higher
rank to the more relevant documents. That is the reason why RF can significantly improve the
effectiveness of the Information Retrieval process even though sometimes it is expensive to use

[26].
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Figure 5.1.2 : IR System’s Approch when user enters a query

[28] Sprachwissenschaft, International Studies in Computational Linguistics, Winter 2007.

In this example user enters a search query, the Information Retrieval system looks in the
database to find the required results, relevant documents are then returned to the user. The

feedback will then be sent to the IR system whether more results are needed or not.

We should take into consideration that RF does not work when there is a misspelling in the query
or when we require cross-language retrieval. Another short coming is when the vocabulary used

in a term is vague or unclear. However RF is more appropriate for Information Retrieval on the

Web.
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Example of Relevance Feedback:

Document Server

Search Server

Query Terms
{Apple, Orange}

/
Relevance C’P)
Rankin &
g 4 Apple... Apple...
D1>D2? ol PP D2 Apple: Orange=1:1
D2>D1? Apple.. Orange...

Figure 5.1.3 : Searching for matched documents.

[ 74 ] www.slideshare.net

In this example user is searching for an article to introduce both “Apple” and “Orange” there for
his input query is {Apple, Orange}. In this example system finds two matched documents. Apple
appears 3 times in documentl and Orange appears once, however in document2 both Apple and

orange occur equally.
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5.2 Pseudo Relevance Feedback:

Pseudo Relevance Feedback is used for automatic local analysis for retrieving more accurate
results. The quality of the results is based on the top ranked documents. This method is used to
modify the original query provided by the user and then add the required terms. The system
returns the retrieved results and selects the relevant documents. At this point, system calculates a
better term based on those collected results. Then the query is prolonged and the retrieval results

are displayed.

PRF is a query expansion technique that works based on the assumption that the top ranked
documents, which have been originally retrieved, are relevant. We can identify the high scored

documents that are more relevant to the initial retrieval.

The advantage of this method is that if some relevant documents get lost during the query
expansion, it can be retrieved and improve the performance of the Information Retrieval process

especially in TREC and ad-hoc tasks [25].

Example of Pseudo Relevance Feedback:
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Figure 5.2.1 : Query Expansion

[75 ] www.slideshare.net

User selects a query that is built from the query logs or thesaurus, and then the words are
extracted according to the initial query word. The words that occurred multiple times belong to

the same query filed.
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PRF is based on three areas:

Documents, which are being calculated based on their relevancy.
Result extraction, which is the list of terms and queries.

Reorganizing the query term obtained from the previous results.

< Information Retrieval System
Initial Returned )
Query Documents T
A4 Reformulated
Analyzer Query
W
Bases Select Proximate g RU”"Q‘
! : —> T - EWTIlINgG
Formes Concepts

Figure 5.2.2 : How Pseudo Relevance Feedback works.

[25] Mohammed EI Amine Abderrahim, Concept Based vs. Pseudo Relevance Feedback Performance Evaluation for Information Retrieval System.

PRF or Pseudo Relevance Feedback is a technique to improve the accuracy of the retrieved
results. PRF works based on the assumption that the documents with the top ranked score results
which are obtained from the initial retrieval process and relevant to the query terms help improve
the performance. It is used to do normal retrieval in order to find the initial set of the most
relevant documents and improve the performance especially in TREC and ad-hoc retrieval tasks
[12]. In PRF, scattering of the documents may have an impact on the results. In this method the

associated terms are extracted from the top document set and return the response based on the
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original query. Then the terms are added to the initial query and run again to retrieve a new set of
documents to be returned to the users. As we see, PRF is based on the assumption of expanding
the query by using the terms associated to the query term. These terms are built from the local
document set [25]. During the query run time, all queries look for the related terms in the
applicable knowledge structure and modify the original query that was entered by the user in
order to develop the queries. Some techniques are used in here such as adding proper terms

obtained from the original documents list which has been retrieved [25].

My preferred method in this research was to use Pseudo Relevance Feedback in retrieval process
in order to achieve better results and be able to give feedback on the relevancy of the documents.
Taking this approach, I first obtained the queries from the indexes which | had converted to a
proper format earlier using a java program, and then used Information Retrieval application
(Terrier platform in this research) to index and obtain the results to determine the relevant and
non-relevant documents [9] [13]. | was looking for the documents that were as similar as

possible to the original query and return the results.

Using query expansion in PRF is a technique or a methodology that adds the new terms into the
query to reformulate the initial query in order to obtain the better result and enhance the overall
performance of the Information Retrieval System. It is based on the assumption that the first
retrievals are more relevant to the initial query. Therefore the terms that are closer to the query

term are more likely to be relevant to the query topic.
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5.3 Rocchio Algorithm:

Rocchio algorithm is used for implementing relevance feedback, which was introduced in 1970s
and was industrialized using Vector Space Model. The theory behind Rocchio Algorithm is
based on the consideration that users have a general knowledge of distinguishing which
documents are relevant and which are non-relevant, and also negative weights are usually not
calculated. Rocchio is a classic algorithm used to implement the relevance feedback by
improving the query illustration. It is also a way to join the Relevance Feedback information to
the Vector Space model. All the documents use a retrieval model. Each document is represented
as a weighted term and each of these queries are then developed by taking the linear combination
of initial query term vector and the feedback documents vector [19]. A vector of the term
weights characterizes the documents. Then the distance between the query points and the
documents is ranked according to their possible relevancy. Vector model represents index terms
these terms are usually single words or keywords. Vectors are also used to compare documents

in queries based on their similarities [15].

When documents are about to be ranked for a query, an ideal query should rank the relevant and

non-relevant documents. Rocchio algorithm calls this query an optimal query vector.

Using this algorithm changes search queries into relevant and non-relevant documents [10].
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Figure 5.3.1 : the Spread of Relevance and Non-Relevance Documents

[12] J. Rocchio. Relevance Feedback in Information Retrieval, pages 313-323. 1971.

In this example optimal query vector is used to point out the relevant and non-relevant

documents which are spread unevenly.

The formula for Rocchio Relevance is calculated as follow:

. . 1 . 1 .
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/ [12]

31



“a” is the original query weight, “b” is the weight of the related documents and “c” is the weight

of the non-related documents [12].

D, and D,, are not vectors. @,, is modified query vector, @y is the original query vector D; is

the vector to the related document and Dy, is a vector for non-related document.

5.4 Unified Medical Language System (UMLS):

UMLS is a set of files and software that links health care information, biomedical terms, drug
names and disease codes into different computer systems in a way that the meaning of
biomedicine and health is understandable by the computer system [16]. UMLS consists of
databases and software tools that provide a mapping structure between biomedical vocabularies
and terminologies to be used by system developers in biomedical informatics. UMLS is designed
and maintained by US national Library of medicine. It is used to enhance and improve

applications such as dictionaries and language translators [16].

I used UMLS as a repository to clarify the collection of complex and enormous volume of
medical data provided by CLEF into a data structured queries and also used these queries to
match with the topic and search for the relevancy. Each medical term contains statistical
information of the particular disease in the patient’s records. When all queries are indexed into a
structured data, then PRF weighting model is used to find the degree of relevancy of each term in
respect to the topic to compare the scores. All the topics are related to the patient’s health record

and the treatments used.

UMLS has three different knowledge resources known as Metathesaurus, Semantic Network and
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Specialist Lexicon and Lexical Tool [16].

SPECIALIST Lexicon
Metathesaurus Semantic Network & Lexical Tools
Concepts Categories and relationships Resources & tools
| Jlll
X, /

e -

-

,

3 f/
Y

The Knowledge Sources
(delivered as machine readable files)

Figure 5.4.1: Three Different Knowledge Resources Of UMLS

[16] U.S. National Library of Medicine, 8600 Rockville Pike, Bethesda, MD 20894, National Institutes of Health, Health & Human Services

1. Metathesaurus: This method is used to retrieve codes, vocabularies and identical terms.

2. Semantic Network: This is used to view the definition, relationship and the structure of the

documents.

3. Specialist Lexicon and Lexical Tools: This tool is for processing natural language.
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Metathesaurus:

Metathesaurus is a very great and multi-lingual vocabulary database that consists of the health
related information. It is built up on the electronic codes used in patients’ health records. It is
organized by the combination of the vocabularies and the relationship between the attributes. The
way it works is that Lexical tools process the codes and terms and then collect the identical terms
into a concept. Then Semantic Network categorizes these concepts by semantic types, combines
them and finds the relationship between the attributes and the vocabularies. It outputs the data in
a proper format [17]. Metathesaurus reflects the meaning of the concept, when two different
vocabularies use the same term for different ideas. Metathesaurus indicates which meaning is

referring to which vocabulary and stores the retrieved information in a common format.

Metathesaurus is the major concept of UMLS which works as a repository that holds biomedical
concepts and models. Semantic Network is used to categorize Metathesaurus theories whereas
Lexical Tools is used for creating and producing the meaning for the biomedical terms. These
knowledge resources usually get updated every three month [32]. UMLS knowledge is structured
based on the concept. Identical terms are clustered together to structure a concept and link them
based on their relationship. Then each concept is later classified by means of semantic types.
Since biomedical terms are wide and the related information contains too many vocabularies,
external references and resources are also used in order to function as a cross-reference between
the medical terminologies and the external resources in the database [32]. Searching can be
based on the concept of the term or the Concept Unique Identifier (CUI) or a code. Search can
later be limited based on the source and the search type by looking for the exact match or the
normalization string of the word and finding the definition along with the relationship between

the concepts.
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Figure 5.4.2 : UMLS Tools

[34] Russ B Altman, et al .Text mining for biology - the way forward: opinions from leading scientists, Genome Biology 2008, 9(Suppl 2):S7

UMLS tools are usually programs or web-based services that help users to search and retrieve

UMLS data. These tools are:

UMLS Terminology Services (UTS)
MetamorphoSys
. Sample Load Script and Data Model

RRF Subset Browser
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UTS (UMLS Terminology Services) is useful for requesting Metathesaurus license and creating
UTS account as well as searching through the Internet and present Metathesaurus, Semantic
Network and SNOMED CT. It can also help to download UMLS files such as UMLS knowledge
resources, RxNorm updates, SNOMED CT, and the list of problems. Users can also query and
retrieve data remotely using UTS. In order to access MetamorphoSys, users should download
and save the files that have been released by year, letter code, position, and version. Sample
Load Scripts are available online and the files only require some modification to fit the database
and the user’s need. Rich Release Format (RRF) Subset Browser is a way for searching through
local subsets and a means to enable reviewing the raw data for a definite UMLS concept by

searching for the CUI, the string and the code of the certain terminology and term [34].
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Metamap :

Metamap is a tool for recognizing UMLS concepts and is a configurable program enveloped in
National Library of Medicine by Dr. Alan Aronson in Lister Hill National Center for Biomedical
Communications. It maps the biomedical text to UMLS metathesaurus concepts for indexing and
retrieval. Metamap uses natural language processing (NLP) knowledge intensive approach and
linguistic techniques for indexing the biomedical literature in order to identify and classify the
medical informatics. It can also be useful for Information Extraction, Classification of the text,
Data-mining, natural language analysis of biomedical and clinical txt. It was originally
established to improve the retrieval of MEDLINE and clinical reports [36].

This tool is now being used all over the world. It is one of the basic tools of National Library of
Medicine medical text indexer that is used for indexing of biomedical terms in NLM. MTI
(Medical Information Training) is the main recommendation of indexing and was based on
MeSH (Medical Subject Headings) vocabulary, which has later been expanded by NLM. MTI
delivers references for the new citations every week to index and process the files. It was also

introduced as the first line indexer (MTIFL) in some journals later in 2013.
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Indexing life Cycle introduced by NLM is as follows:

MeSH
Suggestions

Biomedical
Literature

MEDLINE
Indexing

Figure 5.4.3 : Indexing Life Cycle

[36] http://metamap.nlm.nih.gov/

Biomedical terms are first being managed by MTI/MTIFL and deliver a set of MeSH
vocabularies which adds topics such as MeSH heading, descriptions, supplementary concept
records, publication type, and databank repositories to the MEDLINE indexer. MEDLINE then
indexes the medical terms and provides details about the query topic and improves the

understanding of the document.
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5.5 Optimal Feedback:

This following formula maximizes the likeness to the relevant documents and minimizes the

likeness to the non-relevant documents:

1y 1 -
L“'-'”_r:i,z _N—r:rz

d eCy d ety [10]

N is the total number of documents.

d is the document and #2#¢ is the optimal query.

Setting JAVA_HOME to fusr

INFO
INFO
INFO
INFO

— Structure meta reading lockup Tile into memory

Structure meta loading data file into memory

time to intialise index : 4.577

clef2@l5.test.1l @ many red marks on legs after traveling fTrom us
Processing query: clef2@15.test.1: 'many red marks on legs after traveling from us'
Query clef2815.test.l with 4 terms has 4 posting lists

Time to process query: 1.487

clef2@1l5.test.2 @ lump with blood spots on nose

Processing query: clef2@15.test.2: 'Llump with blood spots on nose’

Query clef2815.test.2 with 4 terms has 4 posting lists

Time to process query: @2.584

clef2@15.test.3 @ dry red and scaly feet in children

Processing query: clef2815.test.3: 'dry red and scaly feet in children'

Query clef2@15.test.2 with 5 terms has 5 posting lists

Time to process query: @8.937

clef2@15.test.4 @ itchy Llumps skin

Processing query: clef2@15.test.4: 'itchy lumps skin®

Query clef2815.test. 4 with 3 terms has 2 posting lists

Time to process query: @.394

clef2@1l5.test.5 @ whistling noise and cough during sleeping children

Processing query: clef2@15.test.5: 'whistling noise and cough during sleeping children'
Query clef2815.test.5 with 5 terms has 5 posting lists

Time to process query: @.582

clef2@15.test.6 @ child make hissing sound when breathing

Processing query: clef2@15.test.6: 'child make hissing sound when breathing'

Query clef2@15.test. 6 with 4 terms has 4 posting lists

Time to process query: @.956

clef2@15.test.7 @ rosacea symptoms
Processing query: clef2@15.test.7: 'rosacea symptoms’®
query term symptom has low idf — ignored from scoring.

Query clef2@15.test.7 with 2 terms has 1 posting lists

Tima +n naracecse noasces @ 134 |
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6. Ranking Methods for Textual Documents:

6.1 Exact Matching (Boolean):

This technique is good for ranking the textual documents and Boolean query retrieval consisting
of one or more words. Boolean queries are considered to be accurate and can give more control

to the users. Each query term identifies a set of documents which contains of the terms; Query

terms and documents are sets of words and use processes such as “or ( ¥)”, “and ( *)”, and
“not ( —)”. The outcomes are either True/False or exact-match. Boolean model is easy to
understand, explain and implement all its terms and features are imported equally and the non-

relevant documents can be eliminated from the search [47].

In Boolean retrieval, users are able to use large text queries by just typing one or more words and
then the system can determine which document is more relevant to the query. IR system
implements extended Boolean retrieval by adding additional operator that is called term
proximity. Term proximity determines that two terms in a query occur adjacent to each other in
the document this is measured by the number of dominant words.

Boolean model is precise which provides the user with more control over the retrieval results and

also more effective ranking strategies [47].
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Boolean query processing works as below:

1. Locate Brutus in the dictionary

2. Retrieve the position

3. Locate Calpurnia in the dictionary

4. Retrieve the position

5. Intersect the two positions

In the Boolean Model a typical strategy is to use a conjunctive reading of the different aspects in
a query and disjunctive reading aspects of terms, for example in a query of [a ™ bV ¢] should be

written as: [(a ™ b) VY c]or[a ™ (bV c)].

Algorithm for Intersection:

INTERSET (F,. P)

answer <« ':: }

While p, = NIL and p, = NIL
Do if dociD(p,) = docID(p,)
Then ADD{aﬂsww, ducfﬂ(pl:l}

py = next(p)

Py < next(p;)

Else if docin(p,) < docID(p,)
Then p, « next(p,)

Else By« next(p)
10Return answer

© NN WN N

[47] Christopher D. Manning, Prabhakar Raghavan, Hinrich Schiitze — An Introduction to Information Retrieval, 2009.
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6.2 Vector Space Model:

A Vector Space Model is a vector of the term weights and is an algebraic model characterizes the
text documents; then the distance between the query points and the documents are ranked
according to their possible relevance. Vector model represents index terms; terms are usually
single words or keywords. Vectors are used to compare documents with queries, based on their
similarities [15]. Documents are symbolized as vectors. This model compares the documents
with the queries and retrieves and ranks these documents based on the particular query. Ranking
the similarity between the documents can be calculated by comparing the cosine of the angles of

the documents and the original query:

dz.q
ld; llligll

cos @ =

[30]

“da2 - q 7 js the intersection of the document. Documents are ranked by decreasing the value of

the cosine, and the higher weight has more impact on cosine.
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Figure 6.2.1 : The Similarity between the Documents

[30] G. Salton, A. Wong, and C. S. Yang (1975), "A Vector Space Model for Automatic Indexing,"Communications of the ACM, vol. 18, nr. 11, pages 613-620.

If the cosine equals to zero it means that the documents have no similarity with the query term.
Vector space calculates a continuous degree of similarity between the document and the query
and rank the documents based on their relevance, it also calculates the partial matching between
the documents and query. The similarity between two documents can be calculated using a
function of the angle between their vectors in the term vector space depending on the weights of
the terms. However it is not suitable for the documents with long and different vocabulary.
Vector Space Model is based on the assumption that meaning of the documents can be the result
of the document’s basic term. It can also help the users to search through the documents that are
more similar or have better use than other documents. This model puts terms and a query in a

document term space and calculates the similarities between the terms and the queries that
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improve the ranking measurements of the results based on the relevance and it calculates the

weight of the ranked retrieval results based on their importance.
6.3 Probabilistic Model:

Maron and Kuns first proposed this model of indexing in 1960s and then in 1976 it has been
expanded by Robertson and Sparck Jones. This model is based on the assumption that the
relevant documents appeared in the first retrieval process have more weight than if they don’t
appear in the relevant documents. In other words if we have some relevant and non-relevant
documents we can easily estimate the probability of appearing a relevant term in the document.
Probabilistic retrieval model ranks the documents in reducing order of the probability of
relevance. It uses probability theory to model the uncertainty in the retrieval process. The
evaluation of the relevance probability is based on the occurrence of the term in the query [44].

The probability of the term is calculated as follows:

-1+ 0o
i+ 03 441

P(tlR) = {r.l_g

R is complete unknown.

And the probability of the term t is calculated from the Log of (number of documents N minus

n+1/2 divided by n+1/2).
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6.4 Language Model:

This model is a statistical probability distribution over a sequence of documents in a collection;
these documents are ranked based on the probability of the word that most likely appears in a
relevant document and use those words in the query. The idea behind language model is that
each document is considered as a language sample and then evaluates the probability of
producing individual terms in the documents. Language Model consists of Unigram, Bigram and
N-gram models. Unigram model is based on the assumption that the word occurs independently
of each other and the results are obtained based on the probability of the individual word.
However in the Bigram model the probability of the new word is based on the probability of the
occurrence of the previous word and therefor for the N-gram the probability of the new word is

based on the probability of the occurrence on the N previous words [45].

Unigram:p(w,.n) = P(W,)P(W,) ... P(W,)
Bigram: pw,.n) = PO, POW, [W,) ... P (W, [W,_,)

Trigram. paw,,n) = (W, )W, (W, P(W, | W,y 5 ) o POW, (Wi _n_y)

[45] Fei Song, W.Bruce Croft, A General Language Model for Information Retrieval.
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6.5 Set-Oriented Ranking Model:

This model is based on the assumption that query is ranked against the hieratical set of related
documents. The desirable results are the combination of relevance and diversity of top-N tasks.
The way this model works is to mix the diversity model with the traditional model and build a
set-oriented model. By using this model we can obtain the top-N results directly, which can be
both relevant and diversified. Experiments show that this model works better than the traditional

models in terms of diversity and also has better performance in finding relevant documents [41].

In the set retrievals however system divides the amount of data into two subsets of documents
based on the ones that are relevant to the search query and the ones that are not, but ranked

retrievals ranks the documents based on their relevancy.

Information Retrieval system combines the set retrievals and ranked retrievals in a way that first
define all the matching documents and then rank them based on their relevancy; this idea is used

by most of the search engines such as Google.
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7. Method:

The First task of this thesis research was to convert the format of the datasets provided by CLEF,
which were not readable by the Terrier platform. | used Eclipse as my preferred software in order
to write a Java program that can change the format of the CLEF datasets. These datasets consist
of a collection of a million documents provided through the Khoresmoi project and contain
information and web pages that cover a wide range of medical and health care related topics [8].
The only issue with changing the format of the datasets was that it created too many collections
of data for indexing and querying by Terrier that | was able to solve. After the first part of my
task was successfully completed | was able to use Terrier to index the queries. Index is used to
store and map the contents of the data structure into a preferred location in the database. Each
index query represents a set of documents by weighted keywords. These indexes were later used
to compare and calculate the scores between the queries [8]. My first approach was to use
medical ontology to find an easy and reliable method for patients and help them to have a better
understanding of their diseases, also help doctors to discover better possible methods of
treatments. Terrier was my preferred platform for indexing and querying the collected
documents, | used BM25 as my baseline to score probabilistic model retrieval and the scaling
strategy | used was to range my results from 0 tol, and also retrieved the optimal result. | then
used Pseudo relevance feedback weighting model to improve the retrieval results; | then obtained
the results that are originally returned from the query and determined if the information was
relevant or non-relevant based on the initial query [13]. The relevant documents were clustered
together. | was able to improve the performance by using PRF as my re-ranking strategy. | was
also able to reformulate the dataset given by CLEF and created queries using Unified Medical

Language System which acts as a dictionary for the medical ontology and indexed these new
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queries and submitted up to 10 runs in TREC style. The runs included the top1000 documents
returned for each set. | obtained results from the top documents and returned the results with the
relevance assessments to the original query and expand these queries to find the related terms,

and then | compared each of the runs against the query topic.

Relevance Feedback (RF) however adds the query terms and adjusts the weight of each query
term of relevant and non-relevant documents and ranks the lists, so the relevant documents get
higher ranks. The best query is the one that has the most similarity to the relevant document.
Relevance feedback is used to improve the efficiency of Information Retrieval [14]. Relevance
feedback created long revised queries and is sometimes expensive to process, that is why | used
PRF and ranked my results and my idea was to use the medical ontology with my obtained
results in order to get better performance and then combined the use of PRF with UMLS for

retrieving better results and understanding the meaning of the biomedical terms.

I have submitted my work to CLEF eHealth 2015 and my paper has been successfully approved
for publication in CLEF 2015 work group; | have also been invited to attend the September 2015

in Toulouse- France to present my work.

48



8. Environmental Settings and Evaluation Metric:

Evaluation focus on P@5, P@10, NDCG@5, NDCG@10. Also other IR evaluation measuring
models were used to evaluate the submitted runs [20]. Dataset in my research was provided
through the Khoresmoi project and was a collection of health care records prepared and given by
CLEF. I used Terrier platform for indexing and querying the collected documents, BM25 as my
baseline scoring for probabilistic model retrieval ranging from 0 tol, PRF was used for finding
and improving the relevancy in the documents, and UMLS was also used as dictionary to
translate the medical terms. Evaluation was done by CLEF team using their golden standard

method, the collection contained of 1000 documents and was around 8 GB.

and the results are as follows.
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Examples of the Evaluation:

ndcg_cut S qtest. 0.360ndeg_cut L0 qest. 0.2337ndeg_cut L5 qrest.1 0.18Lndcg_cut 20 qtest.1 0. 2052ndcg_cut_30
qtest.1 0. 205Indcg_cu 100 qtest.1 0.22%9ndcg_cut 200 qtest.1 0.22%9ndcg_cu_500 qtest.1 0.2299ndcg_cut 1000 gtest.1

0, 485ndcg_cut_S gtest. 10 0.0000ndcg_cut_10 gtest. 10 0,4309nde_cut 15 qrest.10 0,4309ndeq_cut_20

gtest.10 0,4509ndcg_cut_30 qtest.10 0,4308ndeq_cut 100 gtest. 10 0,4309ndcg_cut_200 qtest.10 0.4509

ndcg_cut_500 gtest.10 0.4509ndcq_cut_1000 gtest.10 0.4309ndeg_cut S gtest.11 0. 0000ndcg_cut_10

gtest.11 0. 0784ndeg_cut 15 qrest.11 0. 0608ndcg_cut_20 gtest.11 0.0383ndcg_cut_30 qrest.11 00583

ndcg_cut 100 qtest.11 0.0583ndcg_cut_200 grest.11 0.0383ndcg_cut_500 qtest.11 0. 0887ndcq_cut 1000

gtest.11 0. 0987ndcg_cut_S qtest.12 0.0000ndcg_cut_10 gtest.12 0.0000ndcg_cut 15 qtest.12 0.0000

ndcg_cut 20 qtest.12 0.0000ndcq_cut_30 qlest.12 0.0000ndcg_cut 100 qtest.12 0. 0000ndcy_cut_200

gtest.12 0. 0918ndcg_cut_500 qtest.12 0. 0918ndeq_cut_1000 gtest.12 0. 18#4ndeg_cut S qtest.13 0. 6800

ndcg_cut_10 qtest.13 0.7M45ndeq_cut_15 qlest.13 0.7865ndcg_cut_20 qtest.13 0.7058ndcg_cut_30

gtest. 13 0, $544ndcg_cut_100 qtest.13 0,4045ndeg_cut_200 gtest. 13 0,4158ndcg_cut 500 qtest.13 0,433

ndcg_cut 1000 qtest.13 0,4480ndcq_cut_S gtest. 14 0.0000ndcg_cut_10 qtest. 14 0, 0000ndcg_cut_15

gtest. 14 0, 0676ndcg_cut_20 qtest. 14 0, 0383ndeg_cut_30 gtest. 14 0, 0739ndcg_cut 100 qtest. 14 0.1073

ndcg_cut 200 gtest. 14 0.1631ndco_cut_500 gtest. 14 0.1631ndcg_cut 1000 gtest. 14 0. 2074ndeg_cut 5

gtest.15 0.9152ndcg_cut_10 test.15 0.6723ndeg_cut_15 gtest.15 0. 5686ndcg_cut_20 qtest.15 0,487

ndcg_cut_30 qtest.13 0.4182ndeg_cut 100 qrest.19 0. 5233ndcg_cut_200 qtest.13 0. 5632ndcq_cut_500

gtest.15 0. 3898ndcg_cut_1000 qtest.15 0.619ndeq_cut_ gtest.16 1.0000ndcg_cut_10 qtest.16 1.0000

ndcg_cut 15 qtest.16 1.0000ndcq_cut_20 qlest.16 1.0000ndcg_cut_30 qtest.16 1. 0000ndcy_cut_100

qtest. 15 1. 0000ndcg_cut_200 qest.16 1. 0000ndeq_cut 500 gest.16 1, 0000ndcg_cut 1000 qtest. 16 1.0000

ndcg_cut_S qtest.17 0.4367ndcg_cut_10 gtest. 17 0,4367ndeg_cut_15 qest. 17 0,4367ndeg_cut_20

gtest. 17 0.4367ndcg_cut_30 qtest.17 0,4367ndeg_cut_100 gtest. 17 0,4367ndcg_cut_200 qtest.17 0.4367

ndcg_cut_500 qtest.17 0,4367ndcg_cut_1000 gtest.17 0.4367ndeg_cut S qtest.18 0, 2042ndcg_cut 10

gtest.18 0.1363ndcg_cut 15 test.18 0. 118ndeq_cut_20 gtest.18 0. 1086ndcg_cut_30 qtest.18 0.1046

ndcg_cut_100 test.18 0.1046ndco_cut 200 gtest.18 0.1554ndeg_cut 500 gtest.18 0. 3007ndeg_cut_1000

otest.18 0.3192ndcq_cut_3 qrest.19 0.0000ndeq_cut_10 gtest.19 0.0000ndcq_cut 15 qrest.19 0.0000

ndcg_cut 20 qtest.19 0.0000ndcq_cut_30 glest.19 0.0000ndcg_cut 100 qtest.19 0. 0383ndeg_cut_200

gtest.19 0. 0383ndcg_cut_500 qtest.19 0. 0383ndeq_cut_1000 gtest.19 0.0383ndeg_cut_s qtest.2 0.0000ndcq_cut L0
qtest. 2 0.0000ndcg_cut L5 qtest.2 (0.0569ndcg_cut 20 qtest. 2 (0.0569ndcg_cut_30 qtest. 2 0.0569ndcg_cut 100 qtest.

0.1720ndeq_cut_200 gtest. 2 0.1866ndc_cut_500 gtest.2 0. 2004ndcg_cut 1000 gtest.2 0. 2004ndcg_cut 5 gtest. 20 (.0000

ndcg_cut 10 gtest. 20 0.0000ndcq_cut_15 gtest. 20 0.0000ndeg_cut_20 gtest. 20 0, 0000ndeg_cut_30

gtest. 20 0, 0000ndcg_cut_100 qtest. 20 0, 0408ndcg_cut_200 gtest. 20 0, 0626ndcg_cut 500 qtest. 20 0,148

ndcg_cut 1000 gtest. 20 0.1709ndcq_cut_S gtest. 2 0.0000ndcg_cut_10 gtest. 2 0, 0972ndeg_cut 15

gtest. 2l 0. 1207ndeg_cut_20 qtest. 2 0.1217ndeq_cut_30 gtest. 24 0. 117ndeg_cut 100 qrest. 2l 01458

ndcg_cut_200 gtest. 2l 0.1438ndco_cut_500 gtest. 21 0,1458ndcg_cut 1000 qtest. 21 0. 1438ndcg_cut 5
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Examples of the Query:

gtest.1
gtest.1
gtest.l
gte=t.1
gtest.1
gtest.1
gtest.1
gtest.1l
gte=t.1
gtest.1
gtest.1
gtest.1l
gtest.1l
gte=st.1
gtest.1l
gte=st.1
gtest.1
gtest.1
gtest.1
gtest.l
gtest.l
gtest.1
gtest.1
gtest.1
gtest.l
gte=t.1
gtest.1l
gtest.1
gtest.1
gtest.1l
gte=t.1

D0 O 000000000000 0000000000000 oD oo oD

aldf.1864 12 000027
aller1867 12 000032
allerl@868_12 000012
aller1871_12 000640
arthr0545 12 000545
arthr0949 12 000974
attra0B843 12 000134
attra0843_12 000163
attra0843 12 000228
attra0843 12 000347
attra0843 12 000382
attra0f842 12 000536
attra0843_12 000696
attra0842 12 000855
attra0843 12 001360
attra0843 12 001450
baby-2032 12 000032
baby-2032_12 000126
baby-2032 12 000232
kabyc2033 12 001372
babyz2035_12 000647
becbat2063 12 000244
breas2170 12 000170
bupa.2183 12 000240
bupa.2183 12 000252
bupa.2183_12 001402
bupa.Z1832 12 001412
bupa.2183 12 001869
bupa-2183_12 001834
bupa.2183_12 001889
bupa.2183_ 12 001502
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Examples of the Run:

grest.1 Q0 heart3138_12_000039 0 10.541924514439216 BN25h0. 11qtest.1 00 skincd437_12 002296 1 10.38545431824984 EM25h0. qtest.1 a0 mydr. 375712000073 2 10.0286745180177 BM25h0. 31
qrest.1 Q0 mydr.3757_12_000123 3 10.0275200877977 8M25b0. 3Lqtest.1 Q0 mydr.3757_12_000155 4 10.0275200877977 gM2300. 31qtest.1 QO mydr.3757_12_000472 5 9.985616184438182 BM25h0. 31qtest.1
00 mydr. 3757_12_000277 6 9, 985616184438182 BM25h0. 31qtest.1 q0 mydr.3757_12_000306 7 9.89969489766263 BM2300. 31qtest.1 g0 healt3090_12_001617 & 9.897604165775427 BH2500. 3lgtest.1 Q0
mydr.3757_12_000175 9 9. 895037632862298 EM25b0. 31qtest.1 o0 mydr,3757_12_000216 10 9.877845333723013 BH25b0. 31qtest.1 o0 mydr.3757_12_000164 11 0.846475063350786 BH25hO0. 31qtest.1 QO
mydr.3757_12_000151 12 9.829073243403924 BM2500. 31qtest.1 Q0 healt3090_12_001013 13 9.752520636454754 BM25h0. 31qtest.1 q0 skincd437_12_002060 14 9.721273817569882 B25b0. 3lqtest.1 QO
mydr.3757_12_000427 15 9.719636051347031 eM2500. 1qtest.1 Q0 Tymph3532_12_001146 16 9.650479642885402 BH2500. 1qtest.1 g0 Tymph3532_12_000914 17 9.650479642885402 BM23b0, Hqtest.1 Q0
stretd§75_12_000073 18 9.647172619654539 BM25h0. 31gtest.1 QO stretd575_12_000461 19 9.64270326745584 BM25h0. 31qtest.1 Q0 metho3635_12_000272 20 9.607467391225338 B25h0. 3igtest.1 Q0
mydr.3757_12_000391 21 9, 588544120581973 BM2300. 31qrest.1 QO mydr.3757_12_000322 22 9. 584002938507236 BM2300. 31qtest.1 q0 mydr.3757_12_000263 23 9.560775860854967 BM23b0. 3lqtest.1 Q0
mydr.3757_12_000368 24 9. 579320943372667 BM2500. 1qtest.1 Q0 mydr.3757_12_000053 25 9.579329943372667 BM25h0. 1qtest.1 qb mydr.3757_12_000302 26 9. 51701094813589 8M25b0. Hqtest.1 Q0
mydr.3757_12_000333 27 9.423438558170439 BM2500. 31qtest.1 Q0 mydr.3757_12_000097 28 9.393904055048093 BH25h0. 31qtest.1 q0 plast4085_12_000919 29 9.370704347203521 B25h0. 3qtest.1 Q0
footh1185_12_000007 30 9. 364835962466037 BM2500. 1qtest.1 QO mydr.3757_12_000453 31 9.126740434443775 BH2500. 31qtest.1 q0 mydr.3757_12_000412 32 9.090722908164434 8M25b0. 31qtest.1 Q0
mydr. 3757_12_000007 33 9.090722908164434 BM25b0. 3Lqtest.1 Q0 skinc4437_12_002013 34 9.050167960163432 BM25b0. 3Lqtest.1 g0 mendo3672_12_000200 35 9.040725047434845 BH25h0. 31qtest.1 Q0
mydr.3757_12_000324 36 9.028138281442176 BM2500. 31qtest.1 QO emeci2605_12_001050 37 9.021881630543051 BH25h0. 31qtest.1 q0 mydr.3757_12_000415 38 9.006390645056701 B25b0. 31qtest.1 Q0
dr.3757_12_000259 39 §,994953119250715 EM25b0. 31qtest.1 QO stretd575_12_000042 40 §.980761780374556 BM2500. 31qtest.1 QO stretd575_12_000056 41 8.978224078004379 BM23b0. 31qtest.1 Q0
skincdd37_12_002429 47 8.964533325352301 BM25h0. 31qtest.1 Q0 skincdd37_12_002490 43 8.964533323352300 BH25h0. 31qtest.1 q0 skincd437_12_002458 44 8.964533325352300 Bw25h0. gtest.1 Q0
skincd437_12_002016 45 8.96453332535230 BM2300. 31qrest.1 QO skincd437_12_002303 46 8,96410960683735 gM2500. 31qtest.1 O skincdd37_12_002188 47 8,959418532997732 B2500. Ilqtest.1 Q0
stretd575_12_000070 48 8,957836266462932 BM2500. 1qtest.1 Q0 witned67_12_000192 49 8,95585564409314 BM2500. lgtest.1 QD witned967_12_000262 50 B.95585564409314 BH25h0, Ilqtest.1 Q)
witned967_12_000175 51 8.948221650276519 BM2500. 31qtest.1 Q0 witned67_12_000251 57 8.948221650276519 BM25h0. 3lqtest.1 g0 stretd575_12_000199 53 8.92833701333854 BH25h0. 3igtest.1 Q0
stretd575_12_000159 54 8,9168389533411187 BM2300. 31qtest.1 QO stretd575_12_000021 55 8,912564102514114 BM2500. 31qtest.1 Q0 stretd575_12_000136 56 8, 90895120146371 BH2500. Ilgtest.1 QO
fani12899_12_000882 57 8.90467113348073 EM25h0. 31qtest.1 o0 mydr.3757_12_000105 58 8.0902336060872516 BH25kO0. 31qtest.1 o virtud909_12_000762 59 §.897535587361117 BH25ko0. Jigtest.1 QO
bupa. 2183_12_001902 60 8.895831410794688 BM2500. 31qtest.1 QO bupa.2183_12_001402 61 8.895424876550516 BM25h0. 31qtest.1 q0 stretd575_12_000267 62 8. 8936415180308 Bu25b0. Jlqtest.1 Q0
bupa. 2183_12_001412 63 8,893393498618767 BM2300. 31qtest.1 QO stretdS75_12_000122 64 8,890947369189124 BM25h0. 31qtest.1 q0 mydr.3757_12_000443 65 8 878574620813712 BM25h0. J1qtest.1 Q0
bupa. 2163_12_001689 66 8.878174320069187 BW23b0. 3Lqtest.1 QO stretd375_12_000253 67 8.874703980292637 BM23b0. 3Lqtest.1 Q0 mydr,3757_12_000176 68 8.872123357221128 BM23b0. 31qtest.1 QO
mydr.3757_12_000084 69 8.87059918261723 gM25b0. 31qrest.1 Q0 mydr.3757_12_000104 70 B.87039918281723 BM2500. 31qrest.1 Q0 healt3090_12_001700 71 8.867530753967193 BH25h0. 1qtest.1 QO
stretd575_12_000206 72 8. 843217075340151 eM2500. 1qtest.1 Q0 bupa.2183_12_001884 73 8,841927543124731 BH2500. 31qtest.1 q bupa.2183_12_001869 74 8 841492650505807 Bw23b0, Hqtest.1 Q0
mydr.3757_12_000220 75 8.835708030552581 BM25h0. 31gtest.1 Q0 diabe2551_12_000714 76 8.83304215493991 BM25h0. 31qtest.1 Q0 mendo3672_12_000057 77 8.624398082388678 BH25h0. 3lgtest.1 QO
enedi2805_12_001037 78 8, 824291339168402 BM2500, 31qtest.1 QO mydr.3757_12_000177 79 8, 8207642680631 B¥2500. 31qtest.1 Q0 mydr.3757_12_000450 80 8.82076426806315 BH25h0. I1qtest.1 QO
mydr.3757_12_000484 81 8. 8207642680631 aM25b0. qtest.1 Q0 mydr,3757_12_000468 82 B.82076426606315 BM2500. 1qrest. Q0 mydr.3757_12_000359 83 8,817913749191954 BH25h0, Ilqtest.1 Q)
stretd575_12_000035 84 8.816470423785079 BM2500. 31qtest.1 Q0 mydr.3757_12_000313 85 8.815502717509213 BH25h0. 31qtest.1 q0 healt3090_12_001702 86 8. 813168946459493 B25h0. 31qtest.1 Q0
enedi2805_12_001834 87 8.790117693918278 BM2300. 31qtest.1 QO bupa.2183_12_000632 88 8.78404710496252 BM2500. 31qtest.1 O bupa.2183_12_000621 89 B.760206853891233 BH2500. Ilgtest.1 QO
stret4579_12_000400 90 8.76450824981038 EM25b0. 31qtest.1 o0 mydr. 3757_12_000015 91 8.756131056027359 BH25k0. 31qtest.1 g0 mydr.3757_12_000004 92 §.756131056027359 BH25RO0. Jigtest.1 QO
ieni13241_12_000030 93 8.752000088776217 BM2500. 31qtest.1 QO mydr.3757_12_000421 94 8.745768252124483 BM25h0.31qtest.1 q0 dict.2567_12_001886 95 8.737332999067686 BM25b0. 31qtest.1 Q0
mydr.3757_12_000028 96 8.724105102132011 BM2500, 31qtest.1 QO skincd437_12_000855 97 8.704970748492247 BM25h0. 31qtest.1 Q0 stretd$75_12_000087 98 & 674604777437583 BM25b0, Jlqtest.1 Q0
healt3090_12_002452 99 8.65311808710678 EM25b0. 31qtest.1 o0 fami12699_12_000101 100 8.647123001809103 BM23b0. 3lqtest.1 q0 fanil2899_12 000375 101 8.647123001809103 BM25h0. 3qtest.1 QD
fani1299_12_000859 102 B.647123001809103 B#2500. 31qtest.1 q0 hairr3061_12_000117 103 & 645636572442836 Bv25h0. 31qtest.1 Q0 skincdd37_12_000916 104 3.63874409634397 82500, 31gtest.1 Q0
healt3090_12_002048 105 B.62807027134253 eM2300. 31qtest.1 Q0 skincdd34_12_001038 106 B.618656620523442 BH2500. J1gtest.1 QO emedi2805_12_000616 107 §,599997490856168 Bw25h0. 3gtest.1 Q0
triph4710_12_001082 108 B.596317123943646 BH25h0. 31gtest.1 Q0 mydr.3757_12_000006 109 8.594735745049322 8M25h0. 31gtest.1 q0 ¢1ini0836_12_054585 110 8.597166318257487 BM25b0. 3lqtest.1 Q0
mydr.3757_12_000100 111 B, 589554315305955 BH2500. 31qtest.1 q0 healt3090_12_001471 112 § 5872297038389 BH2500. 31qtest.1 Q0 mydr.3757_12_000214 113 §,573586360348405 Bw25h0. 31gtest.1 Q0
mydr.3757_12_000269 114 B,552785323650437 8#2500. Jlgtest.1 Q0 healt3090_12_002403 115 § 551065007653838 aw25h0, 3gtest.1 QD mydr. 3757_12_000197 116 §, 547655149046015 BM25b0. 3qtest.1 Q0
mvdr.3757 12 000036 117 B.539240381135613 BH2500. 3latest.1 00 healt3090 12 001699 118 & 53845041758774 BH25H0. Jlotest.1 00 diabe2551 12 002345 119 §.535412197049205 8w25h0. 31otest.1 00
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BootStrap:

[*!
* Bootstrap v2.3.2
*

* Copyright 2012 Twitter, Inc

* Licensed under the Apache License v2.0

* http://www.apache.org/licenses/LICENSE-2.0
*

* Designed and built with all the love in the world @twitter by @mdo and @fat.
*/

.clearfix {
*zoom: 1;

¥

.clearfix:before,

.Clearfix:after {
display: table;
line-height: 0;
content: "";

¥

9. Preliminary Results and Comparison Chart:

This Year CLEFeHealth 2015 built result pools from the submissions. According to CLEF
evaluation standard my Run2 and run3 had the highest priority among my 10 runs. The primary
measurement used was P@5 and the secondary measurement used was normalized cumulative

gain at rank 10 [20].
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9.1 Evaluation with standard TREC_eval metric for Run2 and Run3:

Jtrec_eval -c -M1000 grels.clef2015.test.bin.txt runName

YorkU_EN_Run.2.dat

ruamiid all BEMZSb@ . 31
LA oy all =21
nuam_ et all L=t ot I 1 ]
mLam el all A1D27F2
mnum_rel _ret all 1282

maca ol L @ . A38S
Mo all 2 .a3s8s
Rprec all @ A4S
b re ol L 3. 2a8a
reci p__rark all 2 .S113
1Tprec_at_ _recall__@._aa all 2. S
i1prec_at_recall_@ .1 al [ N = L= g
iprec_at_ recall_@._.z2a all 2. 3aaS
1prec_at_recall_@ ._ 3a ol L @ 2858
iprec_at __recall & .4 all @ . A1a7
iprec_at_ __recall_@._5Sa all [ g S o)
1Tprec_at__recall__@ . aea ol L L= -l 5= g
iprec_at__recall__&@._ 7a& all Lo e = |
1Tprec_at_ _recall_@_8a all 298
i1prec_at__recall_ @ . 9@ al L = e W
iprec_at recall_1 .aea@ all [ Qe T s oo
P_S all 2. 39455
P_1& all @B .2 Z=
P_15S all 22596
P_Za all 2. 2265
P_3& all (= R=F- 4
P_1a@a all L= e 1= S N
P_Zaa all @ .. aesTT
P_Saa all L= = is S
P__ @& ol @2 . @LS3

YorkU_EN_Run.3.dat

rumniod all BEMZSbh@ . 2
oy all ST
num__ret all L=t sl )
rum__rel all 1272
num_rel _ret all 1278
mca all 2.1375
aQmi__Imaoupr all L= e I gl S
Rprec all 2. 1e38
bpre all @ . 1989
reci p__rar k all @. 5193
iTprec_at_recall_@ .ae all 2.5587
i1prec_at_rmrecall_@_ 1@ all B 5955
1prec_at_recall__@ _ 2@ all B 2816
i1prec_at_recall_@ _ 3@ all B . Z2a33
iprec_at_recall_@.4a all @, 1Z2a3
iTprec_at_recall_@.5a all 2. .as2Z
1prec_at_rmrecall__@ .o all L= = P B I B
1prec_at_recall__@_ & all L= e e B
i1prec_at_recall_@ _ 2@ all B _al3ss
iprec_at_recall_@.9a all 2. aa83
iTprec_at_recall_1 .a8e all 2. 0883
r_5S all 2 .3333
P_1& all @B . 23593
P_15% all 2. 24585
P_Z& all @a. 2152
P_=3&a all @ . 1889
P_d1aa all 2 .897ea
P__Z&aa all 2. ass549
P_S&ae all B .az2s80
P_1&aa all 2. .als3
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See Appendix A for all the runs:

9.2 Evaluation with nDCG:

Jtrec_eval -c -M1000 -m ndcg_cut grels.clef2015.test.graded.txt runName

YorkU_EN_Run.2.dat

ndcg_cut_5 all 9.28989
ndcg_cut_1@ all 8.2714
ndcg_cut_15 all 0.2660
ndcg_cut_2e all 0.2537
ndcg_cut_3e all 0.2526
ndcg_cut_lee all 9.2641
ndcg_cut_2ee all 9.2889
ndcg_cut_5ee all 09.3146
ndcg_cut_leee all ©9.3287
YorkU_EN_Run.3.dat
ndcg_cut_5 all 0.2937
ndcg_cut_1e@ all 2.2719
ndcg_cut_15 all 9.2601
ndcg_cut_2@e all 9.2502
ndcg_cut_3@ all 0.2543
ndcg_cut_lee all 8.2683
ndcg_cut_2ee all 8.2917
ndcg_cut_5ee all 8.3145
ndcg_cut_leee all 2.3201

Please See Appendix B:
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9.3 Reliability Biased-Evaluation:

This year’s evaluation was based on understanding the information along with the relevance
assessment and the reliability of the assessors that has been provided by the judges. These results
have been obtained with the binary relevance assessment and graded reliability assessments.
Documents with a readability score of 0 or 1 are believed not to be readable and documents with

readability score of 2 or 3 are thought to be readable.

java -jar [tools/ubire.0.1.jar --grels-file=grels/qgrels.clef2015.test.bin.txt --gread-

file=qrels/gread.clef2015.test.graded.txt --readability --rbp-p=0.8 --ranking-file=runName

YorkU_EN_Run.2.dat

REPC(@.8D) all B.3151
URBP(@ .87 all B.2334
uRBPgr{@.32) all B. 2404

YorkU_EN_Run.3.dat

REFP(@.8) all B.3874
URBP(®.8) all B.2216
LUREPgr{@. 82 all B.2300

See Appendix C:

56



9.4 POLT P@10:

This plot compares each of the runs against median across each has been submitted to CLEF for

each query topic where: [20]

grey bars: height(q) = your_p@10(q) - median_p@10(q)
white bars: height(q) = best_ p@10(q) - median_p@10(q)
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YorkU_EN_Run.3.dat
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Please see Appendix D:
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10. Summary and Conclusion and Future Work:

In this research 1 first had to convert the format of the dataset using a java program in Eclipse, as
the format of the data set provided by CLEF was not readable by Terrier platform, after the data
was converted Terrier could index it, | used the base normalization method, which is BM25 to
retrieve information from the dataset prepared by CLEF; Then | used Pseudo Relevance
Feedback weighting model to estimate the better results for improving the overall performance
of the Information Retrieval process, | was able to show that this normalization model ranks the
documents based on their relevance in an effective and timely manner. The terms that are closer
to the query term are more relevant to the topic. |1 used Unified Medical Language System
(UMLYS) to translate the medical query terms into the user friendly vocabularies to help the
patients have a better understanding about their diseases and their health conditions and also help
the doctors to deliver a better diagnosis and determine which treatment is suitable for their
patients. The evaluation method was based on TREC standards represented by CLEF. The result
pools were created based on the submissions and according to the CLEF evaluation standard, my
Run2 and Run3 among all my 10 runs had the highest rate of relevancy. All thel0 runs were also
compared against the median through all the submissions to CLEF and then the chart for this

comparison was plotted; the bars characterized the gain or loss of the system.

In future and towards my PhD research | would like to work on extracting information about
Electronic Medical Records (EMR) and Electronic Health Records (HER) and look into how
Information Retrieval can be an important and improving asset to find the best treatment and
care and also reduce the medical errors to help patients have a better understanding about their
health and the possible methods of treatments in a fast and accurate routine by the help of

Medical Language Processing. | would also like to look more into the concept of Speech
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Recognition applications that are being used in these days to collect the clinical and text data that
is convenient and easy to use also improve the quality and reduce the possible errors. This
method is a way to automatically translate words into texts in such a way that the doctor speaks

directly using a microphone and the words enter and analyze into the system.

My goal is to use Information Extraction technique which is a sub-domain of Natural Language
Processing in order to obtain the knowledge from the available medical data, | would like to first
gather the relevant text data and documents and then extract the exact type of information. My
focus is going to be on biomedical data extraction in EMR/EHR and record the health
information along with the imaging, scans, laboratory results, diagnosis, and doctor’s notes; and
also use UMLS tools as a dictionary to link the health information and medical terms and
vocabularies between patients and doctors which help the patients to have a better understanding

of their health situation.
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Appendix A:

YorkU_EN_Run.l.dat

runid all BM25be.@
num_gq all (=153
num_ret all 55088
num_rel all 1972
num_rel_ret all 995
map all B.8836
gm_map all 2.8172
Rprec all 2.1871
bpref all B8.1666
recip rank all B.2858
iprec_at_recall_e.ee all @8.3329
iprec_at_recall_@.1@ all @.2427
iprec_at_recall 8.20 all 2.1489
iprec_at_recall_&.3@ all 2.1132
iprec_at_recall_e.40 all a.a7as5
iprec_at_recall_@.58 all 8.a537
iprec_at_recall @.60 all 22443
iprec_at_recall_#.7@ all 2.8382
iprec_at_recall_e.8@ all 8.8222
iprec_at_recall_8.9@ all a.azee
iprec_at_recall 1.0 all 2.az2ee
P_5S all ©.1848
P_1© all 9.1894
P_15 all B.1677
P_28 all 2.1455
P_3e all 2.1202
P_lee all B8.8655
P_288 all 2.2419
P_5See all 2.8238
P_leee all 2.2151
YorkU_EN_Run.10.dat
runid all BM25be.9
num_gq all (=153
num_ret all 56388
num_rel all 1972
num_rel_ret all 128
map all @.1218
gm_map all 2.8271
Rprec all @.1529
bpref all 2.2116
recip_rank all @.4845
iprec_at_recall_@&.0@ all @.5154
iprec_at_recall_@.1@ all @.32952
iprec_at_recall_@.2@ all @.2734
iprec_at_recall_#@.3@ all @.1595
iprec_at_recall_@.4@ all @.29994
iprec_at_recall_@.5@ all 2.a653
iprec_at_recall_@.6@ all @.a324
iprec_at_recall_@.7@ all @.a13e
iprec_at_recall_@.8@ all @.8864
iprec_at_recall_ 8.9 all 2.8e21
iprec_at_recall_ 1.8 all 2.ee21
P_5 all @.29a9
P_1© all @.2667
P_15 all @.2414
P_28 all @.2167
P_Z8 all @.1793
P_lee all 2.283e
P_Z2ee all @.a514
P_5See all @.8275
P_leee all @.al157
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YorkU_EN_Run.4.dat

runid

num_g

num_ret

num_rel
num_rel_ret

map

gm_map

Rprec

bpref

recip_rank
iprec_at_recall_@.
iprec_at_recall_e.
iprec_at_recall_e.
iprec_at_recall_@.
iprec_at_recall_o.
iprec_at_recall_»@.
iprec_at_recall_a.
iprec_at_recall_o.
iprec_at_recall_e@.
iprec_at_recall_@.
iprec_at_recall_1.
P_S

P_10

P_15

P_28

P_30

P_1@@

P_288

P_see

P_1000

all
all
all
all
all
all
all
all
all
all
all
all
all
all
all
all
all
all
all
all
all
all
all
all
all
all
all
all
all
all

YorkU_EN_Run.5.dat

runid

num_q

num_ret

num_rel
num_rel_ret

map

gm_map

Rprec

bpref

recip_rank
iprec_at_recall_@.
iprec_at_recall_@.
iprec_at_recall_@.
iprec_at_recall_@.
iprec_at_recall_@.
iprec_at_recall_@.
iprec_at_recall_@.
iprec_at_recall_@.
iprec_at_recall_@.
iprec_at_recall_@.
iprec_at_recall_ 1.
P S

P_18

P 15

P_28

P_38

P_188

P_288

P_SB8

P_1880

ee
1e
20
EL]
4@
5@
60
70
L]
%0
ee

all
all
all
all
all
all
all
all
all
all
all
all
all
all
all
all
all
all
all
all
all
all
all
all
all
all
all
all
all
all

BM25be.

(-1
5656888
1972
la7g
@.1386
@.a387
@.1745
@.2881
@.5158
@.5534
@.4894
2.3853
a8.2885
@.1144
@.a765
@.a39s5
@.a179
2.2897
@.8a845
@.2845
@.3455
@.2924
2.2616
@.2265
@.1985
@.2967
@.as579
@.a298
2.2163

BM25be.

66
56888
1972
1875
@.1372
B.8366
@.1752
@.2127
2.5831
@.5428
@.4883
8.3157
©.2117
©.1117
@.a782
@.ad43e
2.8168
2.a886
@.aa34
@.aa34
@.3333
2. 3aee
9.2556
9.2326
9.2eae
@.8a956
@.a576
@.az298
2.8l163

3

4
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YorkU_EN_Run.6.dat

runid all BM25be .5
num_q all 66
num_ret all &6088
num_rel all 1972
num_rel_ret all 1e72
map all @2.1352
gm_map all @.8345
Rprec all @.17a3
bpref all @.2148
recip_rank all @.4857
iprec_at_recall_o.oa all @8.5253
iprec_at_recall_&.1@ all @.4139
iprec_at_recall .20 all @.3237
iprec_at_recall_@.3@ all @.2a48
iprec_at_recall_@.4 all @.1a97
iprec_at_recall_&.5@ all @.a77e
iprec_at_recall &.6@ all ©.0418
iprec_at_recall_@.7@ all 2.2162
iprec_at_recall_e.8@ all 2.0a91
iprec_at_recall_&.9@ all @.ea3e
iprec_at_recall_ 1.0 all @.ea3e
P_5 all @.32383
P_1e all @.2024
P_15 all @.2667
P_2ze all @. 2439
P_38 all @.2a56
P_lee all 2.2936
P_zZes all 2.a561
FP_Ses all @.az98
F_leea all @.ale2
YorkU_EN_Run.7.dat
runid all BM25be. 6
num_g all (=1-9
num_reat all 55088
num_rel all 1972
num_rel_ ret all 1078
map all 8.1347
gm_map all @.a334
Rprec all 2.1671
bpref all @.2159
recip_rank all @.4893
iprec_at_recall_ e.ee all a.5385
iprec_at_recall @.1@ all @.4295
iprec_at_recall_e.2e all a.3225
iprec_at_recall_@.3@ all 2.1968
iprec_at_recall_@.4@ all a@.1287
iprec_at_recall 8.5 all 2.8762
iprec_at_recall_@.6 all 2.a387
iprec_at_recall_e.7e all 8.2155
iprec_at_recall_ .80 all 8.8888
iprec_at_recall @.9 all a.8828
iprec_at_recall_1l.ee all 8.0828
P_5 all 8.3394
P_1& all 2.38e15
P_15 all B.2626
P_20 all 8.2417
P_3@& all 2. 2e8e
P_l188 all 2.a9a8
P_280 all 9.8548
P_See all 2.8285
P_l8Ba all B.8162
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YorkU_EN_Run.8.dat

runid all BM25be .7
num_oq all (=13
num_ret all [=1=1= 120
num_rel all 1972
num_rel_ ret all 1865
map all @.132e
Em_map all @.a341
Rprec all a.1648
bpref all @.2154
recip_rank all a.4886
iprec_at_recall_a.02 all a.52a98
iprec_at_recall_&.1& all a.4258
iprec_at_recall_a.28 all a.3a49
iprec_at_recall_a.3 all a.1889
iprec_at_recall_&.49 all a.1862
iprec_at_recall_ .58 all a.a745
iprec_at_recall_ a.&8 all a.a3x72
iprec_at_recall_ .7 all a.a145
iprec_at_recall @.8 all 2.0886
iprec_at_recall a.9 all a.aaz7
iprec_at_recall 1.0 all a.aaz7
P_5 all 2.3212
P_1& all 2.2939
P_15 all 2. 286
P_2B all B2.2356
P_3& all 2. 19499
P_lea all 2.a891
P_2ZeB all B.a538
P_S5e8 all B.8a282
P_l1eBa all 2.al61

YorkU_EN_Run.9.dat

runid all BM25be. 8
num_gq all &6
num_ret all 66088
num_rel all 1972
num_rel_ret all 1859
map all @.1279
gm_map all @.0323
Rprec all @.1639
bpref all @.2147
recip_rank all @.4899
iprec_at_recall_o.e0 all @.5245
iprec_at_recall_@.18 all @.4182
iprec_at_recall_o.20 all @.2983
iprec_at_recall_@.30 all 2.1681
iprec_at_recall_e.40 all @.1831
iprec_at_recall_@.50 all 2.a733
iprec_at_recall_e.6@ all @.8366
iprec_at_recall_o.7@ all 2.813e
iprec_at_recall_@.3@ all 2.0883
iprec_at_recall_o.90 all 2.8825
iprec_at_recall_1.08 all 8.0825
F_5 all @.38e6l
P_l& all @.2788
P_15 all @.2586
P_26 all @.2341
P_38 all 2.1874
P_1ee all @.8876
P_Zoe all 2.8533
P_See all @.8281

P_leea all a.alae



Appendix B:

YorkU_EN_Run.l.dat

ndcg_cut_5
ndcg_cut_le
ndcg_cut_15
ndcg_cut_2e
ndcg_cut_3e
ndcg_cut_1ee
ndcg_cut_2ee
ndcg_cut_5ee
ndcg_cut_leee

all
all
all
all
all
all
all
all
all

YorkU_EN_Run.10.dat

ndcg_cut_5
ndcg_cut_1@
ndcg_cut_15
ndcg_cut_2@
ndcg_cut_3@
ndcg_cut_lee
ndcg_cut_286
ndcg_cut_588
ndcg_cut_leee

all
all
all
all
all
all
all
all
all

YorkU_EN_Run.4.dat

ndcg_cut_5
ndcg_cut_1@
ndcg_cut_15
ndcg_cut_2e
ndcg_cut_3e
ndcg_cut_lee
ndcg_cut_2ee
ndcg_cut_58e
ndcg_cut_leee

all
all
all
all
all
all
all
all
all

YorkU_EN_Run.5.dat

ndcg cut_5
ndcg_cut_1e
ndcg_cut_15
ndcg_cut_2e
ndcg_cut_3e
ndcg_cut_18e
ndcg_cut_2ee
ndcg_cut_5ee
ndcg cut_leee

all
all
all
all
all
all
all
all
all

.1538
.1718
.17a8
1623
1576
1788
.1956
. 2251
. 2512

@ 0 8 8 06 6 0 @ O

26168
2546
2451
2381
2254
2295
2527
2870
3e22

@ e 0 @ @ 8 8 e o

. 2891
. 2717
.2674
. 2539
.2526
. 2645
. 2E93
L2148
L3288

@ 3 ® &8 @ @ @ & @

@.28a838
8.2752
@.2621
@.2529
@.2477
8.2596
@.2889
@.3182
@.3238
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YorkU_EN_Run.6.dat

ndcg_cut_5
ndcg cut_l@
ndcg_cut_15
ndcg_cut_28
ndcg_cut_38
ndcg_cut_18e
ndcg_cut_208
ndcg_cut_5ee
ndcg_cut_leee

all
all
all
all
all
all
all
all
all

YorkU_EN_Run.7.dat

ndcg_cut_5
ndcg cut_l1@
ndcg cut_15
ndcg cut_2@
ndcg_cut_3@
ndcg cut_lee
ndcg cut_2ee
ndcg cut_see
ndcg_cut_l16ee

all
all
all
all
all
all
all
all
all

YorkU_EN_Run.8.dat

ndcg cut_5
ndcg cut_l1e
ndcg_cut_15
ndcg cut_2e
ndcg cut_3e
ndcg_cut_1@e
ndcg cut_2ee
ndcg_cut_5ee
ndcg_cut_leea

all
all
all
all
all
all
all
all
all

YorkU_EN_Run.9.dat

ndcg_cut_5
ndcg_cut_18
ndcg_cut_15
ndcg cut_20
ndcg_cut_3e
ndcg_cut_1ee
ndcg cut_2ee
ndcg cut_5ee
ndcg_cut_leee

all
all
all
all
all
all
all
all
all

@ 0 0 0 0 @ 0 @ @

2 0 O 0 © @ 0 @

Lo v R R s T = I v v TR = B

L2797
L2694
. 2855
. 25786
.2583
.2531
L2746
.3853
.3196

2887

. 2766
. 2655
. 2584

2477

. 2514
.2731
. Jed4e

3181

2768

. 2729

2641

. 2548
L2445
. 2466
. 2675

2991

.315%

2718
. 2637
. 2685
L2513
. 2335
L2414
. 2638
L2972
3127

[rox L N o B = I B s T = B v
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Appendix C:

YorkU_EN_Run.1.dat

REP(@®.8)
UREP(0.8)
URBPgr(@.8)

YorkU_EN_Run.10.dat

REP(©.8)
uRBP(@.8)
uRBPgr(@.8)

all
all
all

all
all
all

YorkU_EN_Run.4.dat

RBP(@.8)
URBP(@.8)
URBPgr(@.8)

all
all
all

YorkU_EN_Run.5.dat

REP(©.8)
uRBP(8.8)
URBPgr(@.8)

all
all
all

YorkU_EN_Run.6.dat

RBP(@.8)
URBP(@.8)
uRBPgr(@.8)

all
all
all

YorkU_EN_Run.7.dat

REP(@.8)
uRBP(2.8)
URBPgr(8.8)

all
all
all

YorkU_EN_Run.8.dat

REP(@.8)
uRBP(0.8)
URBPgr(@.8)

all
all
all

8.1798
8.1127
9.1195

@.2853
2.2415
8.2428

8.3152
8.2319
8.2397

9.31a9
@.2357
8.2416

8.3881
. 2365
8.2431

(=]

@.3125
2478
8.2523

=

a.3a72
2584
8.2533

=
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YorkU_EN_Run.9.dat

REP(@.8) all 0.2962
URBP(8.8) all 8.2478
uRBPgr(@.8) all 8.2485

Appendix D:

YorkU_EN_Run.l.dat

=
pics
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YorkU_EN_Run.10.dat

B YorklU_EN_Run 10.datvs Medlan O Besiws Median
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YorkU_EN_Run.4.dat

=
=

@ Yorkl_EN_Run4.dalvs Median [ Bestvs Medan
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YorkU_EN_Run.5.dat

@ Yorkl_EN_Run.5.datvs Median [0 Bestvs Median

- Jd — = -

gaintoss of pgl 10 over the modan
oo
L

=
?
-
=
=
L4
2
i)
TI3asATEY M oW B W W ;3 M I M N W M N M a1 43 4 4T 4 S 1 s S s e e
Topics (gtest)

YorkU_EN_Run.6.dat

=

I @ YorkU EN_Runé.datvs Medan O Bestvs Medan

GARNGES O PEITY OV D T
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YorkU_EN_Run.7.dat

=
= @ YorklU_EN_Run7.datvs Mesan [ Bestvs Medan

QBFINGES O PEITY G4 N8 MBI

‘t-
L]
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2 |
%
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YorkU_EN_Run.8.dat

=

I—- Yorkld _EN_RunB.dalwvs Median O Bestvs Medan
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Appendix E:

Screenshot of my task:

My first step using Eclipse to convert the data set in a format readable by Terrier:

File Edit Source Refactor Mavigate Search Project Run Window Help

N DA 2[5 ‘#vovﬁvﬂ-ﬁ@veg Aril vl s E D O Quick Access @H

{8 PacksgeE.. 17| = O [J] ProcessFilejova 31 = O
B%|e T # 1 package com.util.readwritefile; o

B il
b [SlRendiNatile 3% import java.io.BufferedReader;[] E

18

11 public class ProcessFile

12

13

145 public static void main(String[] args)

15 {

16 String mainDir = null;

17 String dir = null;

18 String mainInFileName = null;

19 FileReader mainFile= null;

20 BufferedReader inFileStream = null;

21 String inputFileName = null;

22 String outputFileName = null;

23 FileReader file= null;

24 BufferedReader fileStream = null;

25 StringBuffer firstSth = null;

26 StringBuffer stb = new StringBuffer();

27 int counter = @;

28 try

2 {

EL)

31 if(args.length > 8 )

32

33 mainDir = args[@];

34 int mainNelim = mainDir.lastTndexnf(' . '\ A2

] r

B Console 57 # |

The program starts running and converting the format of the dataset:

2 Java - ReadDatf

File Edit Source Refactor Navigate Search Project Run Window Help

(o= e ERRCE ST - R A AU RN R AT, Nr=Rl T SR AR AR el A Quick Access | 5 | [@TTave )
& PackegeE.. 52 = O [I) ProcessFilejave 52 =o

»

BES| e ¥ B 1 package com.util.readwritefile;
[ ReadDatFile] :

3% import java.io.BufferedReader;[]

m

18
11 public class ProcessFile
12 {
13
145 public static void main(String[] args)
15
16 String mainDir = null;
17 String dir = null;
18 String mainInFileName = null;
19 FileReader mainFile= null;
20 BufferedReader inFileStream = null;
21 String inputFileName = null;
22 String outputFileName = null;
23 FileReader file= null;
24 BufferedReader fileStream = null;
25 StringBuffer firstSth = null;
2% Stringguffer stb = new StringBuffer();
27 int counter = @;
28 try
29 {
38
31 if(args.length > 8 )
32 {
3 mainDir = args[e];
34 int mainNelim = mainNir lastTndexnf(' '\: &
] '
Javadoc [, DI n A4S 2 Console 57 % %|
readfile [Java Application] C:\Program Files\Java\jre7\bin\javaw.exe (Apr 11, 2015, 12:36:41 PM)
Name of .dat file: E:\CLEF\part8\gener2994_12.dat ~

Mame of .dat file: E:\CLEF\part8\genom2398_12.dat
Mame of .dat file: E:\CLEF\part8\geron3e@3_12.dat
Mame of .dat file: E:\CLEF\part8\gethe3ees 12.dat 1
Name of .dat file: E:\CLEF\part8\gghjo3ele_12.dat ]
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First we open Eclipse and create a new java project:

il Secrce/ Refactor* Navigate:Seanch = PrjectRuri= Windew - Helg

New AteShifteN b | 5 Java Project A e
Upen bie... I3 Proect..
| A s |
Close Qul+W | Packege -
Close Al ColoShieW | @ Class I
vt Chtar || 9 ubeace '|
B Swere G Eum 4
Save Al Clube Shilt+ 5 €l
Semt &1 Source Folder
| 4 lava Working Set
Maove. |_4| Folder
Rename.. R pe
£ Rebrsh 15 ;
Convert Line Delimitess To »
Print.. CtrisP
Swilch Werkspece M
Restar CibN
Lz Import
_length 3 @ )
Properties Alt+Dnter
. noir = argsfe];
1 Processilejava [ResdDatfile/ere/...| i i = ma B LA TodeatiE ", Y b
L3
bt
stian ' Search (@ Console 5 MB-ri-—0

o consoles to display et this time.

Now we create the package:

Tﬂmmemm

New RSN | Jova Proct g O e (e aeess || [
Open File—. 9 Project- - —
=0
Close CrW | Patkage .
Clese Al W @ s Tl
=
Save Gifis | | O itace |
& Saveho e : [
Save Al CirleShife S @ Aereiien
Revert o o
44 Jova Werking Set
Mor- (3 Folder
Rename.. k. | o e
£ Rebresh B & Untitled Tet Fle
Convert Line Delimiters To b 5 UnitTet e
Print.. cup |0 Task
Switch Workepace v [ hample..
Festart 9 Other.. CeN
L Import..
L bpod.
length 38 )
Propertics Alt+Drter
= i = args[0];
1 ProcessFilejava [ReadDlatFile/e/ ] wrinlelin = maindie, TastTndsdti '} i
L}
it
Search D Concale #E-f-=8
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= Mew Java Package EM
Java Package -
Create a new Java package.
Creates folders corresponding to packages.
Socurce folder: ReadDatFile/src Browse...
| Mame: |
Create package-info.java
L]
N
| |
L]
(D) Finish | [ Cancel ]
9 4

After the package is created we specify the class name:

Elee S .
File Edt Source Refactor Navigate Seach Project Rum  Window Help
wih i AR RS T S SR e A el e Quckaceess | g | (e
[ Packagef 2 S A [ Processhileamm 1 T =n
New bl e Project %
Cine Golto 5 Project.
Open in New Windew i Package 1
Open Type Hierarchy M@ Cles il
Shew In AleShifteWr § Intesface
B Copy G | Fom ;
Ha CopyQualified Name L)
0 Pase ay | & 2otk
X Deids 45 Jave Working Set
5 Folder
Femeve from Contet Cerl+ A+ Shift+ Doven ¢ Rl
BuldPuth YE Uniitied Tet File
foune ARSRRSSY | o i Test Case
Fefactor AReShitt+TH| < o
i Import_  Eemple.
L Bpor
I Other_ Ol
& Refresh [
Clase Project rys[8];
Asign Woking Seti. im = maintie, Tastindetifi ' "2 o
Debug by % coict (B Console 71 #E-@~=n
Run As »
Validate
Team »
Cempare With »
Restore from Local History...
Configure »
leadDatfile  Procerhes AlteEnter
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S New Java Class | = S|

Java Class

Create a new Jawa class.

Source folder: ReadDatFiles/src Browse...

Package: corm.util.readwritefile

[] Enclosing type: |

Marme: |

MModifiers: public

[] abstract [ ] final static

) package private protected

Superclass: Jjava.lang.Chbject Browse...

| Interfaces: Add...
|
|
| Remowe
Which method stubs would you like to create?
[ public static wvoid main{Stringl] args)
[ Constructors from superclass
Inherited abstract methods
o wou want to add comments? (Configure templates and default wvalue here
|:| Generate comments
2 Jaa-ReadatF e pse

File Edit Source Refactor Mavigate Search Project Run Window Help

o7 B &

B uﬁ'ﬂ'%'ﬂ?@'@@iﬁ‘§ volvt QOw Quick Access

8| )

£ PackageE. 11 2 O (1] ProcessFilejave

[ ReadDatfile

%‘ I g ]2. package com.util.readwritefile;

3 import java.io.BufferedReader;[]

18

11 public class ProcessFile

1

13

145 public static void main(String[] args)
5

16 String maindir = null;

17 String dir = null;

13 String mainInFilellame = null;

19 FileReader mainFile= null;

28 BufferedReader inFileStrean = null;
pil String inputfilellame = null;

2 String outputFilelame = null;

23 FileReader file= null;

14 BufferedReader fileStrean = null;
25 Stringbuffer firststh = null;

% Stringbuffer stb = new Stringbuffer();
27 int counter = @;

b1} try

bI] {

38

31 if(args.length > @ )

32

3 raindir = args[@];

U int mainhelim = mainDir. TastTndewnf('. "\:

*) Problems @ Javadoc [&) Declaration 47 Search '[E Console

=8

o
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To run the program we hit Run and click on Run Configurations:

mmmmmmm Window  Help

p B % | Debeg i
2 A | [ Piocesslejin 3
I | package cos.uti Fun History

2 Funfs "
W dmpart fava.io.

1 Fun Conhgurshons_

11 public class Pr N
12 { Deog Hskory

13 Debug As b
195 public stat Fom

15 { 4

15 string : =
e ] 1) Toggle Breakpoint Ctrl ShifteB
1" Steing | @ Toggle Line Breakpoint

1 FALEREN o Toodde Method :

n Buffere i Breslpont

steing |7 Toggh Watchpout
String B Breakpcants
Fil!m:' S A
Buffere % Remove Al Breakpoints

Stringd 30 Add fava Exception Breakpoint..

i;ﬁﬁ@ Add Class Load Breakpoint...
;"1‘ 3 Al Referenges..
. All Instances. CirdeShafte N
;” Jtince Count.
Watch
i |0, Ingpect CirlsShift+]
Oisplay Cute Shif+D
Enecute Cr+l
Force Relun AiteShiltsF
@ External Tock: v

__._'-,:'._- e 1?10 Fun CurleF11 0

Guick heress G [0 [!f!?“]

gl =

#E8-g-=n0

S Fun Configurations N ——

Create, manage, and run configurations

Run a Java application

@

)
X| ST Mame: readfile

_ @ Main )= Argumenis} =i JRE} ) Classpath] e Sourcew - ] Environmenq =] Common\l

] Java Applet Project:
a [7] Java Application
51 readfile ReadDatFile
I Judunit Main class:

m2 Mawven Build

| Juy Task Context Test com.util.readwritefile. ProcessFile

[ Stop in main

Include system libraries when searching for a main class

Include inherited mains when searching for a main class

Filter matched & of & items
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Apply

| | Revert




In the Arguments path we specify the path to the txt file and hit Apply then hit Run:

lg Run Configuraticns i I
Create, manage, and run configurations
Run a Java application @
O = X | E e Mame: readfile

| | & Main [69= Arguments =h JRE\I 0’4} Classpathw E_f Sourcew ﬁ Environmenq = Commorq
] Java Applet
a [ Java Application

Program arguments:

3] readfile EMCLEF part8parts. it —
i Ju WUnit
m2 Mawen Build J

Juy Task Context Test

VM arguments:

Working directony:

@ Default: [ Stworkspace_loc:ReadDatFile} |
Other: | |

Workspace... || File System... || Variables... |

Filter matched & of 6 iterms | Apply | | EEpEt |

i
| @ I Run I [ Close ]

Fle fdt Souce Refoctor Mavigte Scarch Project Run Window Hop

e DN rgoaTEese YT Qi tecen [ gt
i PackegeE 11| T O 1] ProcessFilejava T1 ]
Elp v 01 pukege comotiloraberitelile;

2
% import java,ic.sufferedneader;]]
19

i
public class ProcessFile =i
{

public static void main(string[] args)

6 String maindic = nall;

String dir = mull;

string maininriletiase = null;
FileReader mainFiles mull;
MufferedRender inlileStreas = nll;
String InputfileNese = mill;
string outputFilelase - null;

3 FileReader file= null;
il DufferedRender fileStress = mull;
» StringBulfes FiruSth = mall;
% StringBuffer stb = new Stringfuffer();
e int counter = @;
try
{
if(argz.length > @ )
§
1] = mrgs[A];
u inl mainfelin = maiolic laut Tndedtd7' '4- o
i '
£ Prokierin @ lava Seasrh (2 Conmale 2 Iﬁi&;[ﬁﬁ:a'n'“h
reachie Uiava Applcabion] C:\Program hlestJavalre/\binjavaw.exe (Apr 11, 2015, 12:%5:41 M)
Name of . \CLEF\part8\gener2asd 12.dat -
Name of . E:\LLEF\parts\gencadgys 12, dat
Name of . L:WCLEMpartBigerondofd_12.dat
Name of . E:\TLFF\par 1B\t he 3805 17, dat

Name of .dat file: E:\CLEF\parts\gghio3ale 12.dat
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My second step after the files are converted used the following commands to index the datasets:
cd /terrier/
sudo bin/trec_setup.sh ../IR/CLEF/data/

sudo bin/trec_terrier.sh —i

sh-3.2# cd terrier/ =
sh-3.2# bin/trec_setup.sh ../IR/CLEF/data/

Setting TERRIER_HOME to fUsersfandia/MyCourses/PhD/terrier |
Setting JAVA_HOME to fusr
Creating collection.spec file. i
Creating logging configuration (terrier-log.xml) file.

Creating terrier.properties file.

.. /IR/CLEF/datas/ /part8/zymes5029_12199602Z. txt

.. /IR/CLEF/datas/ /partB/zymes5029_12199683, txt

.. /IR/CLEF/datas/ /part8/zymes5029_12199604, txt

.. /IR/CLEF/datas/ /partB/zymes5029_12199685. txt

.. /IR/CLEF/datas/ /partB/zymes5029_12199686. txt

.. /IR/CLEF/datas/ /partB/zymes5029_12199687. txt

. AIRJCLEF/datas/partB/zymes5020_12100608., txt

. AIRJCLEF/datas/partB/zymes5020_12190609, txt

. AIRJCLEF/datas/partB/zymes5020_12198618. txt

. AIRJCLEF/datas/partB/zymes5020_12188611. txt

Updated collection.spec file. Please check that it contains

all and only all the files to be indexed, or create it manually.
sh-3.2#% bin/trec_terrier.sh -i

Setting TERRIER_HOME to fUsers/andia/MyCourses/PhD/terrier
Setting JAVA_HOME to fusr

INFO — TRECCollection read collection specification (958684 files)
IMFO — Processing ../IR/CLEF/datas/.D5_Store |
IMFO — creating the data structures data_1l |
. WARM - TRECCollection found no documents in ../IR/CLEF/datass.D5_Store. Perhaps
' trec.collection.class is wrongly set, TrecDocTags are incorrect, or decompressio
n failed

IMNFO - Processing ../ /IR/CLEF/data//partl/.D5_5tore

WARM - TRECCollection found no documents in ../IR/CLEF/data//spartl/.D5_Store. Pe
rhaps trec.collection.class is wrongly set, TrecDocTags are incorrect, or decomp
ression failed

INFO — Processing ../IR/CLEF/data/spartl/fattra@B43_121.txt

INFD — Processing ../IR/CLEF/fdata//partl/attra@B43_1210.txt

= == T 2= s S S
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sudo bin/trec_terrier.sh —r

sh=3.2# binStrec_terrier.sh -r
Setting TERRIER_HOME teo /fUsersfandia/MyCourses/PhD/sterrier
Setting JAVA_HOME to Sfusr

INFOD
IMFO
INFO
INFOD
IMNFO

g Trom

INFO
INFO
75_8.
INFO
INFO
INFD
INFO
INFO
INFD
INFO
INFO
INFO
INFO
INFO
WARN
INFD
INFO
INFO
INFD
ping
IMFO

WARN
WARN
INFO
INFD
INFO
INFO

INFO

Structure meta reading lookup fTile into memory
Structure meta leoading data file into memory

time to intialise index : 4.135

clef2B81l5.test.1l : many red marks on legs after traveling from us
Processing query: clef2@1l5.test.1l: 'many red marks on legs after travelin
us"'

Query clefZ@ls.test.l with 4 terms has 4 posting lists

Writing results teo fUsers/fandia/sMyCourses/PhD/terrier/var/results/BM25b@.
res

Time to process query: 1.352

clefZ2B1l5.test.2 : Llump with blood spots on nose

Processing query: clef2@1l5.test.2: 'lump with blood spots on nose'
Query clefZRl5s.test.2 with 4 terms has 4 posting lists

Time to process query: B.414

clef2B15.test.3 : dry red and scaly feet in children

Processing query: clef2@l5.test.3: 'dry red and scaly feet in children'

Query clef2Bl5.test.3 with 5 terms has 5 posting lists

Time to process query: B.341

clef2B@15.test.4 : itchy lumps skin

Processing query: clef2@l5.test.4: 'itchy lumps skin'

query term skin has low idf — ignored from scoring.

Query clef2B81l5.test.4 with 3 terms has 2 posting lists

Time to process query: B.177

clefZ2Bl5.test.5 : whistling noise and cough during sleeping children
Processing query: clef2@1l5.test.5: 'whistling noise and cough during

children'

motion®

Query clef2Bl5.test.5 with 5 terms has 5 posting lists

Query clef28l15.test.63 with 3 terms has 2 posting lists

Time to process query: 2.846

clef2@15.test.B4 = involuntary rapid left right eye motion

Processing query: clef2@l5.test.64: "involuntary rapid left right eye

query term right has low idf - ignored from scoring.

Query clef2@l5.test.64 with & terms has 4 posting lists

Time to process query: @.180

clef2@15.test.B5 @ welrd brown patches on skin

Processing query: clef2@15.test.65: '"weird brown patches on skin'
query term skin has low idf — ignored from scoring.

Query clef2@l5.test.65 with 4 terms has 3 posting lists

Time to process query: @.873

clef2@15.test. B8 & treatment of coughs in babies

Processing query: clef2@l15.test.66: "treatment of coughs in babies'
Query clef2@l5.test.66 with 3 terms has 2 posting lists

Time to process query: 2.843

clef2015.test.B67 : black tooth

Processing query: clef2@15.test.67: '"black tooth'

Query clef2@15.test.67 with 2 terms has 2 posting lists

Time to process query: @.877

results/BM25b@.3_1.res.settings

slee

Finished topics, executed &7 queries in 17.187 seconds, resultis written

Time elapsed: 22.889 seconds.
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INFO — Processing ../ /IR/CLEF/data//partlfattra@B43_121.txt
INFO — Processing ../ /IR/CLEF/data/s/partl/attra@B43_1210.t=xt
INFO — Processing ../ /IR/CLEF/data//partl/attra®B43_12100.txt
INFO — Processing ../ /IR/CLEF/data/s partl/sattra@B43_121000. txt
INFO — Processing ../ /IR/CLEF/datas/ /partl/attra@B43_121001.tTxt
INFO - Processing ../ /IR/CLEF/data/s/partl/attrad®@B43_121002. txt
INFO — Processing ../ /IR/CLEF/datas/partl/attra@B43_121003.txt
INFO — Processing ../ /IR/CLEF/datas /partl/attra@B43_121004.Txt
INFO — Processing ../ /IR/CLEF/data/s partl/attra®B43_1210085.txt
INFO — Processing ../ /IR/CLEF/datas/partl/attra@B43_121006.1txt
INFO - Processing ../ /IR/CLEF/data/s/partl/attrad®@B43_121007.txt
INFO — Processing ../ /IR/CLEF/data/s partl/attra®B43_121008. txt
INFO — Processing ../ /IR/CLEF/datas/ /partl/attra@B43_121009.Txt
INFO — Processing ../IR/CLEF/data//partl/attra®B843_12101. txt
IMFO — Processing ../ /IR/CLEF/data/s partlsattra@B43_12101@.txt
INFO — Processing ../ /IR/CLEF/datas/ /partl/attra@B43_121011.txt
IMFO - Processing ../ /IR/CLEF/data//partl/attra@B43_121012.txt
INFO — Processing ../ /IR/CLEF/datas /partl/attra@B43_121013.txt
INFO - Processing ../IRSCLEF/data/s partl/sattra®@B43_121014.txt
INFO — Processing ../ /IR/CLEF/data/s partl/attra®B43_121015.txt
INFO — Processing ../ /IR/CLEF/datas/ /partl/sattra@B43_121016.1tTxt
INFO - Processing ../ /IR/CLEF/data/s/partl/attrad®843_121017.txt
INFO — Processing ../ /IR/CLEF/data/s partl/fattra@B43_121018.txt
INFO — Processing ../ /IR/CLEF/datas /partl/attra@B43_121019.tTxt
INFO - Processing ../IR/CLEF/data//partl/attra@B43_12102. txt
INFO — Processing ../ /IR/CLEF/datas /partl/attra@B43_121020.txt
INFO — Processing ../IRSCLEF/data//partl/sattra®@B43_121021.txt
INFO — Processing ../ /IR/CLEF/data/s partl/fattra@B43_121022.txt
INFO — Processing ../ /IR/CLEF/datas /partl/attra@B43_121023.txt
INFO - Processing ../ /IR/CLEF/data/s/partl/attra®B43_121024.txt
INFO — Processing ../ /IR/CLEF/data/s partl/attra@B43_121025.txt
INFO — Processing ../ /IR/CLEF/datas/ /partl/attra@B43_121026.Txt
INFO - Processing ../IR/CLEF/data/s/partl/attrad®B43_121027.txt
INFO — Processing ../ /IR/CLEF/datas /partl/attra@B43_121028.txt

IMFO — Processing ../IR/CLEF/data/ S partB/zymes5029_121099608. txt
INFO - Processing ../IR/fCLEF/data//partB/zymes5@825_121996859. txt
INFO - Processing ../IR/CLEF/data//partB/zymes5@825_12199610. txt
INFO - Processing ../IR/CLEF/data//partB/zymes5@825_121599611. txt
IMFO — Collection #8 took 6592 seconds to index (949841 documents)
IMNFO — Rate: 518723.B47RB73786 docs/hour
IMFO — 475 lexicons to merge
IMFO — Optimising structure lexicon
IMFO — Optimising lexicon with 1985761 entries
IMFO — Started bulilding the inverted index...
IMFO — Started bulilding the inverted index...
IMFO — Iteration 1 of 17 iterations
IMFO — Iteration 2 of 17 iterations
IMNFO — Iteration 3 of 17 iterations
INFO — Iteration 4 of 17 iterations
IMNFO — Iteration 5 of 17 iterations

B

7

B

INFO — Iteration of 17 iterations

INFO — Iteration of 17 iterations

INFO — Iteration of 17 iterations

IMFO — Iteration 2 of 17 iterations

IMNFO — Iteration 18 of 17 iterations

IMNFO — Iteration 11 of 17 iterations

IMNFO — Iteration 12 of 17 iterations

IMNFO — Iteration 13 of 17 iterations

INFO — Iteration 14 of 17 iterations

INFO — Iteration 15 eof 17 iterations

INFO — Iteration 16 of 17 iterations

INFO — Iteration 17 of 17 iterations

IMFO — Optimising structure lexicon

IMNFO — Optimising lexicon with 1985761 entries
IMFO — Finished building the inverted index...
IMFO — Time elapsed for inverted file: 654
Time elapsed: 7336.7B5 seconds.
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< HE = L= a
terrier +
Favorites Name 53 Date Modified Size Kind
Pl B Al My Files » B bin Mar 2, 2015, 8:23 AM = Folder
4«75 iCloud Drive @ build.xml Jun 18, 2014, 1:23 PM 14 KB XML text
j @) AirDrop » [ doc JJun 18, 2014, 2:02 PM = Folder
€ :A_: Applications » W etc Today, 2:52 PM - Folder
| > [ lib Feb 22, 2015, 10:58 PM — Folder
l B3 Desktop 9 LICGENSE.txt Jun 18, 2014, 1:23 PM ZEKB  text
¢ [® pocuments » [ licenses Apr 5, 2015, 4:16 PM - Folder
: 0 Downloads | README.txt Jun 18, 2014, 1:23 PM 1 KB text
' 15} andia » [ share Apr 5, 2015, 4:15 PM - Folder
" i@ Pictures » Bl sro Apr 5, 2015, 4:17 PM - Folder
:: n Music ¥ [ W var Feb 16, 2015, 5:30 PM - Folder
r H A ¥ [ index Today, 4:55 PM - Folder
r data.direct.bf Today, 4:43 PM 496.1 MB TextEd...ument
:: Devices data.document.fsarrayfile Today, 4:43 PM 16.1 MB Dacument
r [ Andia's MacBook Pro data.inverted.bf Today, 4:55 PM 276.4 MB TextEd...ument
€ data.lexicon.fsomapfile Today, 4:55 PM 156.3 MB Document
: data.lexicon.fsomaphash Today, 4:55 PM 1 KB Document
C data.lexicon.fsomapid Today, 4:55 PM 7.6 MB Document
[ data.meta.idx Today, 4:43 PM 7.6 MB Document
: data.meta.zdata Today, 4:43 PM 29.3 MB Document
4 data.properties Today, 4:55 PM 4 KB TextEd...ument
: w | 7] results Today, 1:10 PM - Folder
i
| &l Macintosh HD » [l Users » @ andia » [l MyGCourses + [l PhD + [l terrier
‘I 22 items, 153.92 GB available
000 i andia — sh — 151x48

INFD - Processing query: clef2@15.test.5B: '30 degree and chicken pox'
INFD - Query clef2@l5.test.58 with 4 terms has 4 posting lists

INFO - Time to process guery: 0.2084

INFD - clef2@15.test.59 : heavy and squeaky breath

INFO - Processing query: clef2@815.test.59: 'heavy and squeaky breath'
INFO - Query clef2@l5.test.58 with 3 terms has 3 posting lists

INFD - Time to process query: 0.054

INFD - clef2@15.test.6@ : baby white dot in iris

INFD - Processing query: clef2015.test.6@: 'baby white dot in iris'

INFO - Query clef2@15.test.6@ with 4 terms has 4 posting lists

INFD - Time to process query: 8.119

INFD - clef2@15.test.61 : fingernail bruises

INFD - Processing query: clef2015.test.61l: 'fingernail bruises'

INFO - Query clef2@l5.test.61 with 2 terms has 2 posting lists

INFD - Time to process query: 0.048

INFD - clef2@15.test.62 : ring womb below wrinkled eyelid

INFO - Processing query: clef2015.test.62: 'ring womb below wrinkled eyelid'
INFO - Query clef2@l5.test.62 with 4 terms has 4 posting lists

INFD - Time to process query: 8.215

INFD - clef2@15.test.63 : crusty skin patches

INFO - Processing query: clef2@815.test.63: 'crusty skin patches'

WARN - query term skin has low idf - ignored from scoring.

INFD - Query clef2@l5.test.63 with 3 terms has 2 posting lists

INFD - Time to process query: 0.886

INFO - clef2@15.test.64 : involuntary rapid left right eye motion

INFO - Processing query: clef2015.test.64: 'involuntary rapid left right eye motion'
WARN - query term left has low idf - ignored from scoring.

WARN - query term right has low idf - ignored from scoring.

INFO - Query clef2@15.test.64 with 6 terms has 4 posting lists

INFD - Time to process query: 8.14

INFD - clef2@15.test.65 : weird brown patches on skin

INFD - Processing query: clef2@15.test.65: 'weird brown patches on skin'
WARN - query term skin has low idf - ignored from scoring.

INFO - Query clef2@15.test.65 with 4 terms has 3 posting lists

INFD - Time to process query: 8.85

INFD - clef2@15.test.66 : treatment of coughs in babies

INFO - Processing query: clef2015.test.66: 'treatment of coughs in babies'
WARN - query term treatment has low idf - ignored from scoring.

INFO - Query clef2@l5.test.B66 with 3 terms has 2 posting lists

INFD - Time to process query: 0.08

INFD - clef2@15.test.67 : black tooth

INFD - Processing query: clef2@815.test.67: 'black tooth'

INFD - Query clef2@15.test.67 with 2 terms has 2 posting lists

INFD - Time to process query: @.875

INFO - Settings of Terrier written to /Usersfandia/MyCourses/PhD/terrier/var/results/BM25b08.75_0.res.settings
INFO - Finished topics, executed 67 queries in 11.37B seconds, results written to /Users/andia/MyCourses/PhD/terrier/var/results/BM25b8.75_0.res
Time elapsed: 15.814 seconds.
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